Steady-state and equilibrium binding applied to gene regulation systems by Buetti, Antoine








Steady-state and equilibrium binding applied to gene regulation systems
Buetti, Antoine
Abstract: ENGLISH Systems biology has the goal of studying living organisms on different levels of or-
ganization. This thesis is based on both theoretical and experimental approaches with the aim of a better
understanding of the process of gene regulation. Using modern techniques of molecular biology combined
with mathematical tools supported by fast computers, a system description of gene regulation could shed
light on relevant mechanisms occurring at different levels of biological organization. DEUTSCH Die Sys-
tembiologie untersucht lebende Organismen auf unterschiedlichen Ebenen der Organisation. Diese Arbeit
beruht sowohl auf theoretische und experimentelle Ansätze mit dem Ziel eines besseren Verständnisses des
Prozesses der Genregulation. Moderne Techniken der Molekularbiologie kombiniert mit mathematischen
Werkzeugen und der Unterstützung schneller Computer wurden verwendet um eine System Beschrei-
bung der Genregulation zu entwickeln. Dabei konnten relevante Mechanismen aufgeklärt werden, die auf
verschiedenen Ebenen der biologischen Organisation vorkommen.
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This thesis is composed of three parts that are presented in a hierarchical order reflecting
increasing organization level of the studied system. Gene regulation was studied at the single
gene level first, extended to interacting transcriptional units and finally to its role within small
regulatory networks.
The first part of this study has been centered on single transcription units of regulatory net-
works and the mechanisms underlying their control. Promoter sequences can in fact be regarded
as control building blocks of genes that modulate transcription by integrating different cellular
signals and their activity can be described mathematically using tools inspired by general con-
cepts widely applied in different fields of science and engineering. Our approach consists of an
iterative experimental-based mathematical modeling based on promoter libraries with synthetic
binding site sequences of variable affinities for selected transcriptional activators. We used such
libraries to perform in vivo experiments using the yeast Saccharomyces cerevisiae in order to
improve our theoretical models. The main goal of this part of the work is the determination
of gene system’s intrinsic properties like cooperativity coefficients and binding affinities of tran-
scription factors to DNA regulatory sequences. The technique developed for this part of the
work provides a new way to study the regulation of genes in vivo over a broad range of activities
with minimally invasive impact on cellular metabolism. We could retrieve the activation profile
of GAL1 promoter, a model system for gene regulation, over a broad range of activity. GAL1
promoter activation profile was characterized by high reactivity at low induction but graded
response at higher activity. Multiple binding sites contributed a more-than-additive increase of
expression compared to the promoter activated by a single binding site revealing that activators
can cooperate not by direct interaction but through components of the transcriptional machinery.
In the second part of the study we extended the approach to interacting transcriptional pro-
cesses. Transcriptional interference is defined as the suppressive influence of one transcriptional
process, directly and in cis, on a second transcriptional process. This mechanism of regulation
involves antagonistic relationship between transcription units and has been shown to have impli-
cations in both yeast and higher eukaryotes. In transcriptional interference, the signals received
by the two antagonistically acting activators are combined by the polymerase trafficking along
the DNA. The principles of this signal conversion and how these signals can be utilized to con-
trol gene expression have been explored by designing a dual-control genetic system in yeast and
subsequently interpreted using equilibrium and non-equilibrium models of transcription. Antag-
onism by an upstream activator displayed the characteristics of competitive inhibition, whereas
a downstream activator inhibited gene expression in a non-competitive manner. Cooperative
effects between transcriptional regulators could explain positive effects observed at low gene ex-
pression induction, revealing that antagonistic activators have the potential to drive paradoxical
gene activation.
In the third part, the process of gene regulation has been further studied in the context of
small regulatory networks. Particular attention was payed to feedback loops in the yeast regula-
tory network of the galactose metabolism. Based on the knowledge gained in the previous parts
of the work, the properties of promoters have been further investigated to shed light on the role
played by intracellular parameters within interconnected genetic circuits. The use of synthetic
gene circuits introduced in yeast cells together with stochastic modeling allowed us to interpret
more efficiently the role of parameters that influence the dynamics of gene expression. Different
yeast promoters (GAL1 and GAL3 ) that diverged from a common ancestral sequence could
reveal mechanisms of evolutionary optimization to variable environmental conditions. The gene
responsible for nutrient sensing displayed fast bistable state transition thereby improving adap-
tation to changing nutrient conditions. In contrast, the gene involved in the metabolic branch
of the GAL network showed higher memory to previously applied conditions as a consequence
of activator binding cooperativity and reduced basal expression.
ZUSAMMENFASSUNG
Die vorliegende Dissertation umfasst drei Teile, welche in diesem Manuskript in einer hier-
archischen Abfolge pra¨sentiert werden, um die zunehmende Organisationsstufe im untersuchten
System wiederzuspiegeln. Die Genregulation wurde zuerst auf der Stufe des einzelnen Gens,
dann auf der Stufe wechselwirkender Transkriptionseinheiten, und schliesslich innerhalb kleiner
regulatorischer Netzwerke untersucht.
Der erste Teil dieser Arbeit konzentriert sich auf einzelne Transkriptionseinheiten regula-
torischer Netzwerke und die Mechanismen, welche ihrer Kontrolle zu Grunde liegen. Promo-
torsequenzen ko¨nnen als Kontrollbausteine von Genen betrachtet werden, welche die Transkrip-
tion modulieren, indem sie unterschiedliche zellula¨re Signale integrieren. Ihre Aktivita¨t kann mit
Hilfe mathematischer Werkzeuge beschrieben werden, welche durch generelle Konzepte aus den
unterschiedlichen Bereichen von Wissenschaft und Ingenieurwesen inspiriert sind. Unser Ansatz
ist eine iterative, auf experimentellen Daten basierte, mathematische Modellierung mit Pro-
motor Bibliotheken synthetischer Bindungsstellen fu¨r ausgewa¨hlte transkriptionelle Aktivatoren
unterschiedlicher Affinita¨t. Diese Bibliotheken wurden fu¨r in vivo Experimente mit der Hefe Sac-
charomyces cerevisiae verwendet, um unsere theoretischen Modelle zu verbessern. Das Hauptziel
dieses Teils der Arbeit war die Bestimmung der intrinsischen Eigenschaften eines Gensystems,
wie Kooperativita¨t und Bindingsaffinita¨t von Transkriptionsfaktoren an seine regulatorischen Se-
quenzen. Die entwickelte Methode bietet eine neuartige Mo¨glichkeit um Genregulation u¨ber ein
breites Aktivita¨tsspektrum in vivo zu studieren ohne den Zellstoffwechsel zu sto¨ren. Wir kon-
nten das Aktivierungsprofil des GAL1 Promotors, welcher ein Modellsystem fu¨r Genregulation
ist, auflo¨sen. Der GAL1 Promotor zeigte hohe Reaktivita¨t bei einem niedrigen Induktionsniveau
aber eine graduelle Antwort bei ho¨herer Aktivita¨t. Mehrere Aktivatorbindungstellen fu¨hren zu
einer mehr-als-additiven Erho¨hung der Genexpression im Vergleich zu Promotoren mit einer
einzigen Bindungstelle. Diese Resultate zeigen, dass Transkriptionsaktivatoren nicht direkt, son-
dern u¨ber Komponenten der Transkriptionsmachinerie kooperieren ko¨nnen.
Im zweiten Teil dieser Arbeit wurde dieser Ansatz auf wechselwirkende transkriptionelle
Systeme erweitert. Transkriptionelle Interferenz wird definiert als der inhibierende Einfluss eines
transkriptionellen Prozesses, direkt und in cis, auf einen anderen transkriptionellen Prozess.
Dieser Mechanismus der Regulierung bedingt eine antagonistische Beziehung zwischen Tran-
skriptionseinheiten und findet sowohl in der Hefe, als auch in ho¨heren Eukaroyoten statt. In der
transkriptionellen Interferenz werden Signale der beiden antagonistischen Aktivatoren durch das
Tracking der Polymerase entlang der DNA kombiniert. Die Grundlagen dieser Signalu¨bertragung
und wie diese Signale zur Kontrolle der Genexpression verwendet werden, wurden untersucht,
indem ein doppeltes Kontrollsystem in der Hefe entwickelt wurde, das mittels equilibrium und
non-equilibrium Modellen der Transkription interpretiert wurde. Antagonismus, welcher durch
die Bindung eines Aktivators vor der TATA-box erzeugt wird, zeigt das charakteristische kompet-
itive Inhibitionsmuster, wa¨hrend eine Bindung nach der TATA-box eine nicht-kompetitive Hem-
mung hervorruft. Unter niedrigen Induktionsbedingungen wurden positive Effekte beobachtet,
welche durch Kooperativita¨t zwischen Transkriptionsfaktoren erkla¨rt werden ko¨nnen.
Im dritten Teil wurde der Prozess der Genregulation innerhalb kleiner regulatorischer Net-
zwerke untersucht, wobei besondere Aufmerksamkeit auf Ru¨ckkopplungsschleifen im regula-
torischen Netzwerk des Galaktose-Metabolismus gelegt wurde. Basierend auf dem erlangten
Wissen aus den vorangehenden Teilen dieser Arbeit wurden die Eigenschaften von Promo-
toren weiter untersucht, um den Einfluss intrazellula¨rer Parameter auf quervernetzte genetische
Schaltkreise aufzukla¨ren. Die Verwendung von synthetischen, in Hefezellen eingefu¨hrte genetis-
chen Schaltkreisen, zusammen mit stochastischer Modellierung, erlaubte uns den Einfluss der
Parameter, welche die Dynamik der Genexpression beeinflussen, effizienter zu Interpretieren.
Ferner konnten wir mit diesem Ansatz Aspekte der physiologischen Anpassung der Hefe in einem
molekularevolutionsbiologischen Rahmen besser verstehen. Promotoren, welche durch divergente
Evolution entstanden sind, wie der GAL1 - and GAL3 -Promotor, haben ihre Funktion unter-
schiedlich optimiert. Das Gen, welches bei Na¨hrstoffmessung beteiligt ist, zeigte eine schnelle
Antwort auf neue Umgebungsbedingungen. Im Gegensatz dazu speichert das Gen, welches im
metabolischen Teil des GAL-Netwerkes involviert ist, vorherige Bedingungen (effizienter), in dem




I Systematic Study on Promoter Activation 1
1 Synopsis 2
1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.3.1 Proof of Concept: rtTA–tet-operators Interaction . . . . . . . . . . 7
1.3.1.1 Calibration: Single tet-operator Library . . . . . . . . . . 7
1.3.1.2 Measurement: Multiple tet-operator Library . . . . . . . 7
1.3.1.3 Equivalence Between Variables in vivo . . . . . . . . . . . 8
1.3.2 Application of the Promoter Library Approach to the GAL1 Pro-
moter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
1.3.2.1 Calibration: Single Gal4pBS Library . . . . . . . . . . . 11
1.3.2.2 Measurement: Multiple Gal4pBS Library . . . . . . . . . 11
1.3.2.3 Dynamical Range of Activation and Sensitivity . . . . . . 12
1.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
1.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2 Introduction 17
2.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.2 Graded versus Switch-like Regulation in Genetic Systems . . . . . . . . . 17
2.3 Saccharomyces cerevisiae as a Model Organism to Study Transcription
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.4 The Transcription Machinery of Saccharomyces cerevisiae . . . . . . . . . 20
2.5 Ligand Binding & Enzyme Kinetics . . . . . . . . . . . . . . . . . . . . . . 22
2.6 Mathematical Description of Gene Regulation . . . . . . . . . . . . . . . . 23
2.7 Promoter Engineering to Study Gene Regulation . . . . . . . . . . . . . . 23
2.8 Data Analysis & Mathematical Tools . . . . . . . . . . . . . . . . . . . . . 24
2.8.1 Saturation Functions for Single Activator Binding . . . . . . . . . 24
2.8.1.1 Rapid-Equilibrium Assumption to Derive Saturation Func-
tions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.8.1.2 Steady-State Assumption to Derive Saturation Functions 27
2.8.2 Adair Equation for Multiple Activators Binding . . . . . . . . . . . 30
2.8.2.1 General Adair Equation for Enzyme Kinetics . . . . . . . 31
2.8.2.1.1 Example: Hemoglobin Modeling with Adair Equa-
tion . . . . . . . . . . . . . . . . . . . . . . . . . 34
2.8.2.2 Adaptation of the Adair Equation to Gene Regulation . . 36
2.8.3 The Hill Equation . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
2.8.4 Logarithmic Sensitivity . . . . . . . . . . . . . . . . . . . . . . . . 40
2.8.5 Parametric Representation of Gene Expression Data . . . . . . . . 42
2.8.6 Logistic Function . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
i
CONTENTS
3 Material and Methods 48
3.1 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
3.1.1 Data Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
3.1.1.1 Flow Cytometry . . . . . . . . . . . . . . . . . . . . . . . 48
3.1.1.2 β-Galactosidase CPRG assay . . . . . . . . . . . . . . . . 48
3.1.1.3 Real Time PCR . . . . . . . . . . . . . . . . . . . . . . . 49
3.1.2 Molecular Biology Methods . . . . . . . . . . . . . . . . . . . . . . 49
3.1.2.1 Yeast Transformation (Lithium Acetate Method) . . . . . 49
3.1.2.2 Bacteria Growth . . . . . . . . . . . . . . . . . . . . . . . 49
3.1.2.3 Yeast Growth . . . . . . . . . . . . . . . . . . . . . . . . 49
3.1.2.4 Molecular Cloning . . . . . . . . . . . . . . . . . . . . . . 49
3.1.2.5 Promoter Libraries . . . . . . . . . . . . . . . . . . . . . . 50
3.1.2.5.1 tet-Operator Library in EGT2 Core Promoter . 50
3.1.2.5.2 Gal4pBS Library in GAL1 Core Promoter . . . 50
3.1.2.6 Activators . . . . . . . . . . . . . . . . . . . . . . . . . . 50
3.1.2.6.1 rtTA . . . . . . . . . . . . . . . . . . . . . . . . 50
3.1.2.6.2 GEV . . . . . . . . . . . . . . . . . . . . . . . . 51
3.1.2.6.3 tetR-Ssn6 . . . . . . . . . . . . . . . . . . . . . . 51
3.1.2.6.4 rtetR-Ace2p . . . . . . . . . . . . . . . . . . . . 51
3.1.2.6.5 rtetR-Swi5p . . . . . . . . . . . . . . . . . . . . 51
3.1.2.6.6 rtetR-NLS-Swi5pABCD . . . . . . . . . . . . . . 51
3.2 Materials . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.2.1 Data Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.2.1.1 Flow Cytometry . . . . . . . . . . . . . . . . . . . . . . . 52
3.2.1.2 β-Galactosidase CPRG assay . . . . . . . . . . . . . . . . 52
3.2.1.3 Real Time PCR . . . . . . . . . . . . . . . . . . . . . . . 52
3.2.2 Molecular Biology Methods . . . . . . . . . . . . . . . . . . . . . . 52
3.2.2.1 Yeast Transformation . . . . . . . . . . . . . . . . . . . . 52
3.2.2.2 Plasmid Isolation from E. coli cultures . . . . . . . . . . 53
3.2.2.3 Inducer Stock Solutions . . . . . . . . . . . . . . . . . . . 53
3.2.2.4 Bacteria Strains . . . . . . . . . . . . . . . . . . . . . . . 53
3.2.2.5 Yeast Strains . . . . . . . . . . . . . . . . . . . . . . . . . 53
4 Results 55
4.1 Context-Dependent Effects on Gene Regulation . . . . . . . . . . . . . . . 55
4.1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
4.1.2 System Description . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
4.1.2.1 Transcriptional Activators . . . . . . . . . . . . . . . . . 56
4.1.2.2 Promoters . . . . . . . . . . . . . . . . . . . . . . . . . . 57
4.1.3 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . 58
4.1.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
4.2 Systematic Study on the Effect of Multiple Activator Binding Sites in
Promoters
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
4.2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
4.2.2 Full-Synthetic Systems . . . . . . . . . . . . . . . . . . . . . . . . . 66
4.2.2.1 System Description . . . . . . . . . . . . . . . . . . . . . 67
ii
CONTENTS
4.2.2.2 Data Interpretation Using the Hill Function . . . . . . . 68
4.2.2.3 Data Interpretation Using the Adair Equation . . . . . . 75
4.2.2.3.1 Sequential Non-linear Curve Fitting . . . . . . . 75
4.2.2.3.2 Global Non-linear Curve Fitting of Single Datasets 83
4.2.2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 92
4.2.3 Semi-Synthetic Systems . . . . . . . . . . . . . . . . . . . . . . . . 93
4.2.3.1 System Description . . . . . . . . . . . . . . . . . . . . . 94
4.2.3.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
4.2.3.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 96
4.2.4 Natural Systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
4.2.4.1 System Description . . . . . . . . . . . . . . . . . . . . . 100
4.2.4.2 Testing the Natural Systems Approach: rtTA–tet-operators
Interaction . . . . . . . . . . . . . . . . . . . . . . . . . . 102
4.2.4.2.1 Calibration: Single tet-operator Library . . . . . 102
4.2.4.2.2 Measurement: Multiple tet-operator Library . . 104
4.2.4.2.3 Proof of Concept . . . . . . . . . . . . . . . . . . 106
4.2.4.3 Application of the Natural System Approach to GAL1
Promoter Activation . . . . . . . . . . . . . . . . . . . . . 108
4.2.4.3.1 Calibration: Single Gal4pBS Library . . . . . . 108
4.2.4.3.2 Measurement: Multiple Gal4pBS Library . . . . 110
4.2.4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 112
5 Conclusions and Future Work 118
5.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118
5.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121
6 Appendix I 123
6.1 Promoter Sequences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
6.1.1 PtetO2inSIC1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
6.1.2 PtetO5inEGT2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
6.1.3 PtetO6inEGT2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
6.1.4 PtetO1inCYC1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124
6.1.5 PtetO2inCYC1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124
6.1.6 PtetO7inCYC1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
6.1.7 PtetOinEGT2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
6.1.8 GAL1 Promoter . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126
6.2 tet-Operators . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
6.3 Gal4p Operators . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129
6.4 Comparison pAnt117 (pAnt27-derived (no FIG1 -integration-locus)) and
pAnt156 (pPR173-derived (with FIG1 -integration-locus)) . . . . . . . . . 132
6.5 Positional Effect of Gal4pBS in GAL1 Promoter . . . . . . . . . . . . . . 133
6.6 Feedback of GAL1 Gene . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134
7 Appendix II 136




1 Introduction to Transcriptional Interference 141
III The Role of Promoters within Small Regulatory Networks 185
1 Introduction 186
2 Method 187
2.1 Experimental Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 187
2.1.1 Promoters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 187
2.1.2 Basal Expression Measurement . . . . . . . . . . . . . . . . . . . . 188
2.1.3 Adaptation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 188
2.2 Stochastic Simulations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 188




General Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 196
Part I . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 196
Part II . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 196











The first part of this manuscript represents ongoing work currently involving many
persons and potentially subject to further developments. Hence, this first brief chapter
called ’Synopsis’ summarizes most important aims and achievements related to the tools
employed to describe gene regulation with help of synthetic promoter libraries of variable
affinity for transcriptional regulators. The document contains relevant figures and short
description of the applied methodology. However, people with interest in the application
or further developments of the work currently reported in the following document can




Understanding and predicting how promoter sequences affect transcriptional ac-
tivity is crucial to understand the complexity of gene regulation. The reaction of
genes to changing conditions occurs through transcriptional regulators that medi-
ate signals to promoters upon binding to specific DNA sequences (regulator binding
sites). Graded and switch-like responses are fundamental aspects of signal transduc-
tion representing connections between genetic units. The role of multiple regulator
binding sites in promoter sequences is still unknown. Multiple binding sites and
cooperative effects between regulators potentially play a role in promoter mediated
signal transduction. This would provide an efficient signal conversion mechanism
embedded in the promoter sequence to achieve graded and switch-like response pat-
terns. To address this question we have used a modern genetic approach relying on
promoter engineering. Synthetic promoter libraries of variable affinity for selected
transcriptional regulators have been used to perform in vivo experiments and results
were analyzed with mathematical tools widely applied in science and engineering.
The GAL1 promoter activation could be accessed under minimally invasive exper-
imental conditions over a broad range of activity. GAL1 promoter displayed high
reactivity at low induction but graded response when exposed to higher induction
levels. Multiple binding sites contributed a more-than-additive increase of expres-
sion compared to the promoter activated by a single binding site revealing that
activators can cooperate not by direct interaction but through components of the
transcriptional machinery. The methodology proposed in this work provides a new
way to study the regulation of genes in vivo over a broad range of activities with
minimally invasive impact on cellular metabolism. The advantages of a genetic ap-
proach accounting for in vivo context specificity are combined here with the broad,
continuous range of accessibility characteristic of comparable in vitro studies.
1.1 Introduction
The complexity of living organisms implies highly sophisticated mechanisms of gene reg-
ulation in order to achieve the correct functioning of cellular processes. Transcription
is the primary regulatory process used by cells to control the performance of genetic
circuits and it is mainly determined by the interplay between molecular components
such as transcription factors and DNA regulatory sequences. Simple pathway structures
can generate a variety of responses not only depending on the strength of the stimulus,
but also on the processing unit responsible for the input-to-output signal conversion. A
crucial point in studying transcriptional regulation is thereby to understand and predict
how the architecture of promoters affects transcriptional activity [1]. Consequently, the
measurement of intracellular parameters describing the process at the level of regula-
tor binding to gene regulatory sequences, like cooperativity coefficients and interaction
strength, is required for the analysis of the behavior of molecular systems in living cells.
Graded and switch-like responses are fundamental aspects of signal transduction
since they represent major classes of connections between genetic units [2, 3, 4, 5, 6, 7,
8, 9]. Both ways of integrating signals are required in different conditions: Switch-like
response may be relevant for ultrasensitive pathways while graded response is necessary
to provide a quantitatively adequate reaction to a certain stimulus. Graded responses are
for example observed in inflammatory reaction induced by microbes, in which response
is proportional to the microbial load as well as in the graded expression of p53 as a
consequence of different intensities of ionizing radiation [10, 11]. Examples of switch-
like responses are found in the process of Xenopus oocytes maturation [12] or in the
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mechanism controlling the genetic switch that determines lytic or lysogenic life cycle of
the bacteriophage λ [13, 14, 15, 16].
It is commonly assumed that both in prokaryotes and eukaryotes, single gene ele-
ments are intrinsically dominated by graded response type of regulation and that modes
of connectivity in their network context (e.g. positive feedback) can generate all-or-none
gene expression patterns [5, 17, 12, 18]. It is also known that certain transcriptional
regulators can bind different regulatory sequences in the genome in order to coordi-
nate activity of several genes. Interestingly, the promoter sequence of these genes regu-
lated in concert often have variable number of binding sites for their common regulator.
Pleiotropy is a widespread regulatory feature among organisms and combined with the
presence of promoter sequences regulated by multiple binding sites hints for a potentially
relevant role played by synergic effects between regulators. In enzyme kinetics and lig-
and binding, multiple ligand binding to receptors is commonly associated with binding
cooperativity and thus with switch-like response patterns while single ligand binding
with graded responses. Hence, regulator binding cooperativity could provide additional
means for modulating gene activation without requiring mechanisms of positive retroac-
tion. Accordingly, same signal could be decoded differently by different genes by simply
embedding in their promoter architecture a signal conversion mechanism supporting
from single to multiple regulator binding and thereby modulating their activation pro-
file with different degree of sensitivity from graded, dose-dependent induction to more
switch-like to binary response.
In order to understand function and properties of genes regulated by promoters
containing single versus multiple activator binding sites and to shed light on their cor-
responding activation profile, we developed a genetic system using modern techniques
based on promoter libraries containing synthetic binding site sequences of variable affini-
ties for selected transcriptional activators. The experimental findings have subsequently
been interpreted using mathematical modeling inspired by general concepts widely ap-
plied in different fields of science and engineering.
Gene activity can be efficiently described using saturation functions in order to map
degree of induction (input) to gene expression level (output). Saturation functions are
transfer functions that relate input and output in biochemical systems providing a mea-
sure for the relationship between substrate concentration and rate in enzyme kinetics
or fraction of complex formation in molecular association studies as a function of the
concentration of one system’s component.
Experimentally, protein-DNA binding is classically studied with in vitro techniques
consisting in applying gradually increasing regulator concentration to purified DNA frac-
tion and monitoring protein-DNA complex formation. However, even if saturation func-
tions retrieved in this way cover broad activation ranges, they often fail to represent the
actual process occurring in vivo due to the absence of cellular components present under
natural conditions. Saturation functions are alternatively evaluated in vivo by sampling
a continuum of gene expression through few discrete datapoints anyway providing an
incomplete picture of the gene activation process [19].
Gradual variations of transcription factor concentration cannot be achieved in vivo
in most of the cases and whenever possible it often implies important consequences
for cellular physiology. The proposed technique consists instead in varying binding site
affinity by constant regulator concentration and provides continuous access of saturation
functions allowing to take into consideration genetic and cellular aspects relevant for the
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description of the studied system. This method combines the advantages of classical
genetic approaches commonly used in molecular and cellular biology with the broad
activity range usually accessed in in vitro experiments.
1.2 Method
The method presented in this work allows to get insights in the natural process of gene
regulation with minimal perturbations affecting cellular physiology. While the endoge-
nous copy of the gene under study executes its function unperturbed, an additional
copy of its promoter reports in parallel its activation state through the expression of a
reporter gene. Further, in order to obtain saturation functions characterizing the gene
activation profile (instead of single data points), a series of identical promoters differing
only in the affinity of the regulator binding site sequence is introduced in different cells
of the same strain. This promoter library of variable affinity is obtained by introducing
gradual mutations in the consensus binding site sequence for a given transcription factor
and can be obtained by modern techniques of in vitro and in vivo directed evolution
[20, 19, 21, 22].
By exposing cells containing such promoter library of variable affinity to the same
conditions (i.e., setting a constant regulator concentration), the same information is
retrieved as by varying the concentration of a regulator binding a promoter of constant
affinity. This statement is supported by the mathematical formalism developed for the
description of chemical binding processes where ligand’s affinity and concentration are
treated as equivalent variables. Reaction kinetics theory assumes in fact that both
regulator concentration and affinity compensate each other.
The methodology presented here is decomposed in two parts, called calibration and
measurement. The goal of the calibration phase is to determine individual contribu-
tions that single binding site sequences bring to system’s activation. Applying different
mutations to consensus sequences, the binding affinity for a particular regulator can
be modulated yet conserving specificity. Once the system calibrated, thus knowing the
extent of system activation that every individual mutant binding site in the library con-
tributes to, the measurement phase consists of introducing for each mutant sequence
used in the single operator library, its corresponding construct composed of the same
affinity mutant present in multiple copies (constituting the multiple operator library).
Correlating parametrically single with multiple operator libraries allows to access
the saturation function that describes the gain in promoter activation realized upon the
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Figure A1: Promoter libraries of variable affinity. The method consists in creating two libraries
containing mutant sequences of variable affinity for a given regulator. The single operator library is
realized by applying mutations in the activator consensus sequence that affect promoter activation in a
graded way. The multiple operator library uses the same mutants as in the single operator library, with
the difference of being present in blocks of repetitive units within the studied promoter. Calibration
of the system is achieved by using the single operator library while the measurement phase is carried
out using the multiple operator library: Under same external conditions, the deviation in promoter





1.3.1 Proof of Concept: rtTA–tet-operators Interaction
The approach was initially tested to study interaction between rtTA and tet-operators in
the core promoter of the EGT2 gene. Representing an exception among transcriptional
factors, doxycycline tunable rtTA–tet-operators interaction offers a unique opportunity
to externally fix a certain amount of active regulator in living cells and consequently
allows to study the effect of binding site mutations under different activator concen-
trations. This proof of concept allowed us to ascertain the validity of the technique
on an easily controllable system well characterized by mutational studies found in the
literature. However, the major advantage of this system consists of the possibility to
access saturation curves retrieved by gradually varying operator affinity, and to compare
the outcome with the corresponding activation profile obtained by graded doxycycline
induction.
1.3.1.1 Calibration: Single tet-operator Library
The tet-operator (tetO1 type) is a 19 bp palindromic sequence (see Fig.A2 (Top
center)) to which the rtTA homodimer binds. The advantage for our study relies on the
symmetry of these binding partners at the molecular level. The binding site sequence
can be altered by single nucleotide mutations in one half of the operator only, resulting
in conserved specificity on one side and altering affinity for rtTA on the other side.
Mutagenesis studies have been performed in Escherichia coli and the effect of every
nucleotide mutation on TetR binding has been reported in [23]. Based on this infor-
mation, we synthetically obtained different single mutant operator sequences that were
inserted upstream of the core promoter of the EGT2 gene (-193 from start site), trans-
formed into wild type Saccharomyces cerevisiae (W303A), mated with an analogous wild
type strain (W303α) containing PCLN3 (cycline 3 promoter) driven rtTA, and expres-
sion of diploids was measured by flow cytometry under high inducing conditions (20 µM
doxycycline). The basal activity due to the EGT2 core promoter was roughly 2-fold
higher in yeast than in the bacterial system (8% in Escherichia coli ([23]) and 17% in
yeast with respect to the wild type). However the outcome showed that both organisms
expressed highly correlated activities (correlation coefficient > 0.99) in relation to the
same mutations (see Fig.A2 (Upper left panel)).
1.3.1.2 Measurement: Multiple tet-operator Library
After assessment of how single mutations in the tet-operator influence gene activa-
tion individually, the next step consisted of testing the same mutant sequences in corre-
sponding promoter systems containing multiples of their copies. Hence, we synthetically
introduced multiple operator repeats consisting of four identical tet-operator sequences
spaced by 6 or 8 bp in the core promoter of the EGT2 gene (-193 from start site). The
resulting vectors were subsequently transformed in wild type strains of Saccharomyces
cerevisiae (W303α) containing PCLN3 driven rtTA. Similarly, the corresponding single
tet-operator library has also been transformed in the wild type W303α strains containing
PCLN3 driven rtTA and both resulting series of haploid strains have been measured at
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the same time by flow cytometry at constant doxycycline concentrations (20 µM or 6
µM).
When expressing multiple and single operator systems as a function of the same in-
duction it is convenient to combine the two corresponding responses and represent the
deviations between each other parametrically. Since the two promoter libraries contain
different numbers of the same binding site sequence, their activity can be combined as
a function of variable affinity. Correlating the multiple operator library (on the y-axis)
with the single operator library (on the x-axis), allows characterization of the enrich-
ment in gene activity due to multiple binding sites as a function of the single binding
site driven promoter. A reference can be constructed by correlating single versus single
operator library resulting in a diagonal identity function accounting for zero enrichment.
Therefore, as predicted theoretically, exposing cells containing libraries of mutant tet-
operators in different number resulted in the expected distortion of the calibration curve
(Upper right panel versus Lower right panel of Fig.A2). Also under different induc-
tion conditions (i.e., setting different activator concentrations through doxycycline), the
system responded according to expectations by displacing the experimentally accessible
region of the same curve to different expression ranges (compare red and black curves of
Upper right panel and Lower right panel of Fig.A2).
1.3.1.3 Equivalence Between Variables in vivo
The mutant tet-operator library could be used further to check the same principle
described above in an alternative way. Since activator’s affinity and concentration are
considered dependent variables, the validity of the methodology presented above where
activator’s binding site affinity has been varied at constant concentrations, can also be
proved equivalently by varying activator concentration at fixed affinities. So, two pairs
of mutants (from single and multiple operator libraries), WT and 5T , were gradually
induced by doxycycline and correlated parametrically resulting in the curves shown in
Fig.A2 (Lower left panel) together with the same dataset shown in Fig.A2 (Upper right
panel). The expression of wild type single operator at 20 µM doxycycline was used as
reference to combine the two different sets.
According to theoretical predictions stated by reaction kinetics theory, the equiva-
lence of variables could be verified experimentally supporting the methodology of pro-
moter libraries as an efficient tool to study multiple binding site promoters.
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High & Low Induction Using the Adair Equation
Figure A2: Top center: The palindromic tet-operator sequence (tetO1 type) with positions indi-
cated with positive numbers referring to one half and negative numbers referring to the other half of the
sequence. Upper left panel: Calibration phase of single tet-operator library. Correlation of single oper-
ator library measured in Escherichia coli (according to expression values in [23]) and in Saccharomyces
cerevisiae at high inducing conditions (20 µM doxycycline). Single nucleotide mutations are indicated by
boxes, where numbers designate the position according to nucleotide coordinates described in the upper
sequence, and letters correspond to substitutive nucleotides at that position. The basal expression value
is 8% and 17% of the wild type sequence expression in Escherichia coli and Saccharomyces cerevisiae, re-
spectively. The correlation coefficient is > 0.99, reproducibility of LacZ expression measurements in bac-
teria lie within ±10% ([23]) and error bars of yeast’s expression measurements show standard deviations
from at least 3 replicates. Upper right panel: Measurement phase of multiple tet-operator library. The
x-axis represents the range of expression covered by the single operator library while on the y-axis by the
multiple operator library (consisting of a block of four tet-operators). Measurement curves of the multiple
operator library corresponding to high (red lines, 20 µM doxycycline) and low (black lines, 6 µM doxycy-
cline) induction are obtained by combining expression values of x and y-coordinates while reference sys-
tems are constructed by the same procedure but comparing single versus single operator library, thus giv-
ing a diagonal line (thick, dashed and dotted lines). Error bars are calculated with standard error of the
mean from three experiments and expression values are normalized to their maximal value. Thin dashed
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lines indicate the range of activity of single operator library at high (red) and low (black) induction.
Thin dotted lines are fitted functions to the datasets (standard logistic function (y = A0
A1+e−A2·x + A3)
where the resulting parameters are: A0 = 1.59 · 10−3; A1 = 1.96 · 10−3; A2 = 63.28; A3 = 2.60 · 10−9
for the low induction and A0 = 1.38 · 10−3; A1 = 1.65 · 10−3; A2 = 66.31; A3 = 5.40 · 10−11 for the high
induction curve. Lower right panel: Theoretical saturation curves in parametric representation. Multi-
ple operator curves are generated using the classical Adair equation ([24]) with four activator binding
sites (n = 4), the association equilibrium constant K = 1, and cooperative enhancement factors a = 10,
b = c = 1. Similarly, single operator system has been simulated with n = 1, K = 1. In addition, basal
expression was set at 0.05 units and added to the respective equations. Induction was arbitrarily set at
10 and 0.3 corresponding to the denomination high and low induction, respectively. On the x-axis it is
represented the range of expression covered by the single operator system while on y-axis by the multiple
operator system. Curves corresponding to high (red lines) and low (black lines) induction are obtained
by combining expression values of x and y-coordinates while reference systems are constructed by the
same procedure but comparing single versus single operator system, thus giving a diagonal line (thin
dotted and dashed lines). Lower left panel: Equivalent variable compensation in rtTA–tet-operator sys-
tem. Two sets of curves generated by the same system are compared. In the first set (same set presented
in the Upper right panel), operator affinity was varied gradually at two different activator concentration
levels: Single and multiple operator libraries were exposed to high (20 µM doxycycline) and low (6 µM
doxycycline) induction (red and black curves, respectively) and their respective expression correlated
parametrically using binding site affinity as common parameter. In the second set, operator affinity was
kept constant at two different levels and the measurement carried out under graded doxycycline induc-
tion: Single and multiple operator constructs containing WT (high affinity, wild type (100% activity))
and 5T (low affinity, 22% of wild type activity) operators (green and blue curves, respectively) were
exposed to the same doxycycline gradient and correlated parametrically using doxycycline concentration
as common parameter. To combine the two different sets the expression of wild type single operator
at 20 µM doxycycline was used as reference. The experiments were obtained with strains and plasmids
detailed in Tables 1, 2, 3.
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1.3.2 Application of the Promoter Library Approach to the GAL1 Pro-
moter
After having assessed validity of the experimental design on the rtTA–tet-operator test
system, we further extended the study by applying the approach to the GAL1 promoter.
The GAL1 promoter (PGAL1) controls the expression of the galactokinase involved in
the metabolism of galactose in yeast and contains four binding sites (Gal4pBS ) at close
distance for the transcriptional activator Gal4p.
1.3.2.1 Calibration: Single Gal4pBS Library
Gal4p activator binds several target genes in the yeast genome, each differing in
number and sequence of binding sites. The target binding sites are characterized by
the consensus sequence CGG[N ]11CCG where N represents unspecified nucleotides.
It allows to maintain binding specificity and at the same time can display variable
range of affinities for Gal4p conferred by the composition of the unspecified nucleotides.
Moreover, purine-pyrimidine conversion (CGG[N ]11CCG→ GCC[N ]11GGC) abolishes
Gal4p binding and can be used to create the single operator library by mutating three
out of the four Gal4pBS of PGAL1.
All operator variants known to specifically bind Gal4p were individually analyzed
under high inducing conditions (0.5% galactose and 2% raffinose) in order to identify
candidates best suited for being employed in the measurement phase of the study (see
Fig.A3 (Upper left panel)). The screening outcome revealed that the vast majority of
native binding sites display relatively strong and narrow range of affinities and that an
important decrease in affinity could only be attained by mutating the first nucleotide
in the consensus sequence. The screening was thereby extended to more candidates
and a single operator library of logarithmically graded expression constructs could be
constituted and employed for the measurement phase.
1.3.2.2 Measurement: Multiple Gal4pBS Library
The Gal4pBS selected during the calibration phase were used to replace the four
binding sites of PGAL1. The expression range of all the components constituting single
and multiple operator libraries was expressed as a function of the wild type PGAL1 ex-
pression level at high inducing conditions (0.5% galactose and 2% raffinose). Afterward,
multiple versus single operators have been correlated through parametric representation
together with the corresponding reference system and the wild type PGAL1 exposed to
identical conditions (see Fig.A3 (Upper right panel)).
The contribution of multiple activator binding sites in PGAL1 activation was pre-
dominantly consisting of a more-than-additive increase in absolute expression level with
respect to single binding sites. Consistent with the obtained saturation curve, the high
induction conditions applied to the GAL1 promoter library were reflected by wild type
PGAL1 activation exposed to the same conditions (blue star in Fig.A3).
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1.3.2.3 Dynamical Range of Activation and Sensitivity
In order to compare the two analyzed systems, their corresponding dynamical ranges
of activation with respect to single operator systems have been represented in the same
figure (see Fig.A3 (Lower left panel)). In addition, their datasets expressed parametri-
cally were fitted to a standard four-parameter logistic equation (see black and red dotted
lines in Fig.A2 (Upper right panel) and green dotted line in Fig.A3 (Upper right panel))
and the resulting optimally fitting functions used to compute logarithmic sensitivities
represented graphically as a function of single operator activation (see Fig.A3 (Lower
right panel)).
The results showed that the GAL1 promoter is very reactive to low induction levels,
but monotonously increasing its response in a proportionate manner at higher activity.
The system covers a broad range of induction exhibiting graded response around its
highest dynamical range of activation situated at roughly 10-fold higher level with respect
to the single operator system. The effect of multiple operators in GAL1 promoter
resulted in rising system’s response more homogeneously compared to the tet-operator
test system. The tet-operator system displayed indeed a much sharper activation profile
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Figure A3: Upper left panel: Gal4p binding sites affinity. Different variants of the Gal4p consensus
sequence (CGG[N ]11CCG) were cloned in the fourth, proximal position of PGAL1 and the corresponding
activities have been measured under high inducing conditions (0.5% galactose and 2% raffinose) by flow
cytometry (green bars) or β-Galactosidase CPRG assay (black bars) depending on the expression range.
Expression was normalized with respect to wild type PGAL1 expression (WT ), full mutant indicates a
promoter variant in which all four binding sites were mutated according to purine-pyrimidine conversion
(CGG[N ]11CCG → GCC[N ]11GGC) and error bars show standard deviations from two independent
experiments comprising each at least 3 replicates. Native binding site sequences are denoted by the
name of the gene containing them in its promoter sequence and in case a promoter contains more
Gal4p binding sites then they are numbered. 17mer corresponds to a high affinity artificial version
of the consensus sequence (according to [25]) and binding sites situated to its right in the bar plot
are artificial operators found in the literature ([26, 27]). The last sequence on the right side of the
bar plot corresponds to the native binding site of the GAL6 gene with a single nucleotide mutation
in the first position (C → A). Upper right panel: Measurement phase of multiple operator library.
The x-axis represents the range of expression covered by the single operator library while on y-axis
by the multiple operator library. Measurement curves of the multiple operator library are obtained
by combining expression values of x and y-coordinates under GAL genes inducing conditions while
reference systems are constructed by the same procedure but comparing single versus single operator
library (black dashed line). Blue dashed line indicates the activity level of the wild type promoter
under same induction conditions as the promoter libraries. Green dotted line represents a fitted function
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to the dataset (standard logistic function (y = A0
A1+e−A2·x + A3) where the resulting parameters are:
A0 = −0.37; A1 = −0.79; A2 = −2.27; A3 = 1.76). Lower left panel: Activation profile of GAL1
promoter together with tet-operator system. The effect of multiple operators (four in both cases) is
represented with respect to corresponding single operator response. The dynamic range of activation
with respect to single operator systems has been computed by dividing datapoint values and fitted
functions (from Fig.A2 (Upper right panel) and Fig.A3 (Upper right panel)) by the reference system.
The blue star indicates the level of expression corresponding to the wild type GAL1 promoter exposed
to same inducing conditions as the GAL1 promoter library. Lower right panel: The curves fitted to
parametric datasets have been used to compute logarithmic sensitivities of the two systems as a function
of single operator response. Continuous lines indicate experimentally accessible range, dotted lines are
extrapolated based on the fitted function. The experiments were obtained with strains and plasmids




The approach presented in this work has been initially validated using a synthetic test
system consisting of rtTA–tet-operators in order to assess the reliability of the technique
under experimental conditions allowing external control. The technique was explored
under different aspects and theoretical concepts could be verified experimentally. Sub-
sequently, the technique was applied to the Gal4p-Gal4pBS interaction in the GAL1
promoter. This system represents a model for gene regulation in which external induc-
ers cannot be efficiently used to study promoter activation. Here, promoter activation
could be accessed under minimally invasive experimental conditions in living cells over
a broad range of activity.
GAL1 promoter was highly reactive at low induction and displayed a graded response
at higher activity. Multiple activator binding sites contributed in a more-than-additive
increase of expression over a broad range of induction compared to the promoter acti-
vated by a single activator binding site. GAL1 promoter has switch-like characteristics
that allow sensitive reaction to changing conditions at low induction, however conserv-
ing the ability to modulate its response proportionally when exposed to higher induction
levels.
The role of multiple activator binding sites in the promoter of GAL1 and possibly
in the coregulated genes is mainly responsible for increasing absolute expression. The
more-than-additive characteristics of this effect do not rely on binding cooperativity as
defined in enzyme kinetics but rather occur at the level of the transcriptional machinery
organization. This supports the idea that eukaryotic activators can cooperate not by
directly interacting but by simultaneously touching some components of the transcrip-
tional machinery [28, 29].
1.5 Conclusions
The presented methodology combines the advantages of a genetic approach accounting
for in vivo context specificity and at the same time provides saturation functions over
a continuous, broad range of induction. The emerging complexity characterizing gene
systems can be efficiently taken into consideration by employing the proposed technique.
Activation curves resulting from our study are composite functions combining higher
level properties of promoter regulation with respect to simpler in vitro studies. The
applicability of the technique was confirmed from E.coli to yeast and is potentially
extendable to higher eukaryotes. Its application could range from the characterization
of mechanisms underlying activation of selected genes to a synthetic experimental setup
in which precise tuning of gene expression is often required to obtain desired properties
in genetic networks. Elements of such promoter libraries could thereby be employed to






The human genome consists of 3×109 DNA base pairs and is estimated to contain 20,000-
25,000 genes. Genes represent only about 2% of the human genome; the remainder
consists of non-coding regions, whose functions may include providing chromosomal
structural integrity and regulating where, when, and in what quantity proteins are made
[30].
Gene regulatory sequences can be seen as control units responsible for the correct
functioning of the underlying interactions between genes. Moreover, these sequences
have the capacity to integrate a variety of signals induced by cell’s state or environment
[31, 32, 33, 34, 35]. This usually results in the activation of certain key genes which play a
determining role for the cell to react to a given perturbation in an appropriate way. Such
cellular responses are more the result of an ensemble of cooperating units which provides
a concerted response than due to single isolated genes [31, 36, 35, 37]. The ability of
cells to respond to perturbations often results in mechanisms involving physicochemical
interactions between molecular species and frequently exhibits complex mechanisms that
can display favorable emergent properties in a system [38, 39, 40, 21, 6]. This allows
cellular systems to perform complicated tasks such as graded or switch-like response
[2, 3, 6, 7, 8, 9], transformation of gradients into discrete changes in gene expression [38],
signal propagation modulation [41], sharpening of the spatio-temporal response’s delays
and oscillations [42, 43, 44, 45], bistability and memory effects [46, 47, 48, 17, 49] which
results in an adequate, fine tuned control.
Organismal complexity implies highly sophisticated mechanisms of gene regulation
in order to achieve the correct functioning of cellular processes. Transcription is the
primary regulatory process used by cells to control the performance of genetic circuits
and it is mainly determined by the interplay between molecular components such as
transcription factors and DNA regulatory sequences. The measurement of intracellular
parameters describing modes of regulation of macromolecular components, like cooper-
ativity coefficients and interaction strength, is required for the analysis of the behavior
of molecular systems in living cells. Graded and switch-like responses are a center of
interest in our work since they represent major connections between genetic units of
an organism and thus are relevant for system description of living cells. The purpose
of the present work is to validate new mathematical tools inspired by general concepts
widely used in different fields of science and engineering using an iterative experimental-
based mathematical modeling approach based on promoter engineering. We therefore
construct promoter libraries of variable affinities for transcriptional activators that we
subsequently use to perform in vivo experiments in order to improve our knowledge
about the mode of activation of promoter regulatory regions. The goal of this work is to
determine system’s intrinsic properties like cooperativity coefficients and binding affini-
ties of transcription factors to DNA regulatory sequences in order to access information
about the molecular mechanisms underlying the process of gene regulation in living cells.
2.2 Graded versus Switch-like Regulation in Genetic Systems
Simple pathway architectures can generate a variety of responses not only depending on
the strength of the stimulus, but also on the processing unit responsible for the input-to-
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output signal transduction. Two crucial aspects of signal transduction are graded and
switch-like response. Namely, both ways of integrating signals are required in different
environments: Switch-like response may be relevant for ultrasensitive pathways while
graded response is necessary to provide a quantitatively adequate reaction to a certain
stimulus. The importance of different signal processing is determining depending on the
physiological context the cell is exposed to.
In a graded response, the output of a regulatory pathway is determined proportion-
ally to the applied stimulus. The term ’graded’ describes a response that achieves a
continuous range of activity from fully on to fully off [5]. Activators can bind to gene
regulatory sequences and thereby increase the rate of transcription in each cell in a
dose-dependent manner. Graded alterations in gene expression may allow fine-tuned
regulation that permit proportionate responses to a stimulus. In the latter case, all cells
in a population could respond with similar changes in expression and thereby maintain
homogeneity [4]. Graded responses are for example observed in inflammatory response
induced by microbes, in which response is proportional to the microbial load as well as
in the graded expression of p53 in response to different intensity of ionizing radiation
[10, 11]. Graded response can also for example play a role in linearizing transcriptional
cascade before saturation. In this case negative feed back increases the linearity (reduces
distortion) in gene circuits [50]. This effect results in reducing noise at a wide range of
inducer concentrations, similarly to linearization applied to other fields of science like
electronics, control theory, and neuroscience [51].
On the other hand, mechanisms for regulatory pathways sensitive to small changes in
environmental stimuli are required when fast response to changing conditions is expected.
Ultrasensitive response is the underlying signal processing mechanism responsible for the
occurrence of all-or-none events. Small variations in the input stimulus could thereby
lead to large changes in the response, which is commonly encountered in signal transduc-
tion cascades and signal propagation modulation [41, 7, 8, 9]. It is thought that both in
prokaryotes and eukaryotes, single gene elements are intrinsically dominated by graded
response type of regulation and that modes of connectivity in their network context can
generate all-or-none gene expression patterns [5]. Mechanisms such as positive feedback
loops are known to promote switch-like responses and their role in biological processes
seems to be widely spread [17, 12, 18]. An example of switch-like response based on
positive feedback is found in the process of Xenopus oocytes maturation [12]. Due to
positive feedback embedded in the MAPK signaling cascade, the graded stimulus pro-
vided by the hormonal concentration responsible for oocytes maturation is converted
into a highly switch-like biological response. The biological effect of this mechanism
is advantageous in its natural context: With 50% of the stimulus applied to Xenopus
oocytes, 50% of them would be able to mature completely. In contrast, without such
signal conversion, 50% hormone induction would bring all of the oocytes to incomplete
maturation (50% maturation assuming linearly proportional input-to-output relation).
So, if in nature transient hormonal stimulus is below the maximal level, such mechanism
would still allow a certain amount of oocytes to finalize maturation and continue through
further developmental stages.
Another mechanisms capable of generating ultrasensitive response is binding cooper-
ativity. This implies that upon binding of a ligand to its target receptor, the succeeding
ligand will bind with a different affinity. Ligands bound to the receptor can thereby
enhance or hinder subsequent ligand binding (positive of negative cooperativity, respec-
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tively). Positively cooperative systems have sigmoidal stimulus/response curves: At
very low input signal levels, the response increases almost linearly with the stimulus and
only after a certain threshold the input is amplified and output signal undergoes drastic
changes. Binding cooperativity is well known in the field of enzyme kinetics and other
systems of interacting molecules (e.g. oxygen binding to hemoglobin). However, even
if it is expected that some kind of interaction occurs between regulators binding to ad-
jacent DNA sites, either protein-protein based or DNA mediated (e.g. protein induced
fit of DNA) [52], the role of such mechanism in the context of gene regulation is still
obscure. It is in fact unclear to what extent DNA regulatory sequences alone can convert
linear inputs to sigmoidal responses. The potential cooperativity of transcription factor
binding to DNA regulatory sequences is especially interesting for the reason that some
regulators can bind more target genes in the genome, sometimes differing in the number
of binding sites. Binding cooperativity would thus provide means to embed in the gene
regulatory sequence itself the capacity to convert the same linear input signal into a
graded response through single binding sites or, alternatively, into a switch-like response
through multiple binding sites.
An example of binding cooperativity involving genetic circuits is found in the bac-
teriophage λ in the mechanism of action of the cro protein binding to its operators
[13, 14]. Cro, a repressor protein, works in opposition to the phage’s cI repressor pro-
tein to control the genetic switch that determines whether a lytic or lysogenic cycle will
follow infection of host bacteria. This relies on interactions of the cI repressor proteins
and cro repressors which self assemble and bind their operators OR1, OR2, OR3. The
cI repressor binds with increasing affinity to OR1, OR2 and OR3. Adjacently bound
cI repressors exhibit positive cooperativity [14]. The strength of cro dimer binding is
strongest to OR3, then OR1 and lastly OR2. A competition between the cro and re-
pressor proteins ensues, the outcome of which determines whether the phage embarks
on a lytic or lysogenic life cycle. Due to positive cooperative DNA binding, cI protein
binds the operators OR1 and OR2 thereby constantly driving its own expression and so
promoting the lysogenic life cycle and consequently preventing cro expression. Upon cI
degradation (an action initiated by DNA damage and mediated by recA), OR1 and OR2
become vacant derepressing cro production. This allows OR3 to be bound by cro and
consequently promoting its own production thus having the effect of switching the life
cycle of the bacteriophage λ to the lytic mode [15, 16].
Another example of cooperative binding of regulator to DNA is exemplified by the
putative histone acetyltransferase of Saccharomyces cerevisiae Spt10p. This transcrip-
tion factor binds to the upstream activation sequences of histone gene promoters in a
cooperative fashion in vitro with dissociation constants of KD > 1 µM and KD = 45
nM to single and paired DNA binding sites, respectively. Experimental evidence shows
that the DNA binding domain alone is unable to display cooperative binding hinting
for protein-protein interaction underlying the observed effect. Moreover, genomic dis-
position of Spt10p binding sites in the yeast genome and genetic analysis also suggest
interaction between Spt10p proteins in vivo [53, 54].
These examples illustrate how gene systems have the potential to display sophisti-
cated response patterns based on protein-DNA interactions (transcription factors bind-
ing to DNA regulatory sequences) and protein-protein interactions (interactions between
transcription factors). However, even if there is evidence proving the presence of coop-
erativity at the level of regulators binding to promoter sequences, development of new
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tools is needed to read out quantitatively activity of single genes as a function of different
activation levels, as well as mathematical tool to interpret experimental data. Genetic
engineering and synthetic biology combined with mathematical modeling represent a
potentially useful approach to decode the role of promoters in filtering signals from the
binding of regulators to changes in gene expression. Moreover, the yeast Saccharomyces
cerevisiae would represent a model organism of choice in providing support for this ap-
proach because particularly keen to studies on eukaryotic transcriptional regulation and
suited to genetic engineering.
2.3 Saccharomyces cerevisiae as a Model Organism to Study Tran-
scription
The budding yeast Saccharomyces cerevisiae is a unicellular eukaryote belonging to fungi
of the phylum ascomycota and represents a powerful model organism in molecular biol-
ogy especially to study gene regulation. Yeast is currently a lead organism in eukaryotic
genomics for several reasons that makes it particularly favorable as model organism:
Yeast can be easily cultured in laboratory and reproduces by a division process called
budding in a generation time of approximately 90 min. Several commercially available
strains contain mutations in metabolic genes that can be restored and used as selection
markers for transformation. Yeast can in fact be transformed very easily by adding or
deleting genes through homologous recombination and its capacity to undergo haploid
or diploid life cycles offers opportunities for flexible genetic manipulation. Moreover,
Saccharomyces cerevisiae is devoid of the large amount of non-coding DNA present in
higher eukaryotes. Actually, haploid yeast genomes can be combined upon mating: Hap-
loid cells of mating type A can undergo mating with cells of mating type α producing
diploids that are equally stably cultured as the haploid ones. Yeast was the first eu-
karyote having been sequenced entirely in 1996 and since then databases such as the
’Saccharomyces Genome Database (SGD)’ [55] are regularly curated and updated. The
genome of budding yeast consists of approximately 6,000 genes which are packed in 16
chromosomes and represents a size of 12 Mbp. The knowledge related to yeast gene
regulation can typically be transferred to more complex context of higher eukaryotes
where the mechanism of transcription and its regulation are largely conserved.
2.4 The Transcription Machinery of Saccharomyces cerevisiae
The components of the yeast’s transcription machinery are highly conserved from yeast
to humans and thereby studies have been vastly based on Saccharomyces cerevisiae to
understand basic mechanisms underlying eukaryotic transcription and gene expression.
Eukaryotic RNA polymerase II is an enzyme composed of 12 subunits (12 subunits
in yeast and humans as well) that catalyzes the synthesis reaction of mRNA principally
(it also synthesizes small nuclear RNAs (snRNA) and microRNAs). In addition, RNA
polymerase I transcribes ribosomal RNAs (rRNAs) and RNA polymerase III transcribes
small RNAs such as transfer RNAs (tRNAs).
General transcription factors (GTFs) or basal transcription factors are required for
the initiation complex to be functional: TFIIB, TFIID, TFIIE, TFIIF, and TFIIH are
basal transcription factors that assemble together with RNA polymerase II to form the
preinitiation complex in order to initiate transcription of mRNA. In fact, differently
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from prokaryotes, RNA polymerase II cannot recognize target promoters directly: The
preinitiation complex of prokaryotes requires the σ-factor and the unique prokaryotic
RNA polymerase only.
On the other side, promoter DNA sequences, to which transcription factors bind,
consist of core or basal promoter elements, promoter proximal elements, and distal en-
hancer elements. The core promoter is the minimal portion of the promoter required to
properly initiate transcription. It is essentially constituted by a TATA element (located
approximately 25 bp upstream of the transcription start) and a pyrimidine-rich initiator
element (located at the start site). RNA polymerase II binds the core promoter and ini-
tiate transcription upon assembly of basal transcription factors (TFIID, TFIIB, TFIIF,
TFIIE, and TFIIH) into a preinitiation complex. TFIID is a protein conserved among
different organisms and is responsible for binding with the TATA box. TBP (TATA
box binding protein), along with a variety of TBP-associated factors, constitute the
TFIID. In vitro, TFIID can remain bound to its position in the core promoter after the
polymerase has initiated transcription and so it can support transcription re-initiation.
Promoter proximal elements are generally situated between 50 and 200 bp upstream of
the start site and transcriptional regulators binding to these sequences can modulate
transcription. Finally, distal enhancer elements, which can be found far from the tran-
scription initiation site in either direction and orientation, constitute another group of
DNA targets for factors modulating RNA polymerase II activity (see Fig.1).
Regulation of transcription in response to developmental or environmental signals is
achieved by controlling assembly of the preinitiation complex or the catalytic efficiency
of RNA polymerase II during initiation, elongation, or termination. Transcriptional
activators can enhance transcription by increased recruitment and/or stabilization of the
initiation complex on the promoter while transcriptional repressors prevent transcription
by blocking the interaction between activators and RNA polymerase II complex. ([56]).
  
Based on Robert Tjian, "Molecular Machines that Control Genes," Scientific American.
http://biology.kenyon.edu/
Scheme Transcription Machinery
Figure 1: Schematic representation of transcription machinery organization. This ex-
ample illustrates the disposition of different elements participating to higher eukaryote’s
transcriptional initiation.
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2.5 Ligand Binding & Enzyme Kinetics
Historically, the study of enzyme kinetics and ligand binding contributed to a remarkable
advance in the field of biochemistry by characterizing processes involving interactions
between biomolecules [57, 58, 59, 60, 61]. Today the field is well established and routinely
applied in the industrial development of chemical active compounds against enzymatic
targets as well as in many other areas [62, 63, 64, 65, 66]. With the development of en-
zyme kinetics, properties and mechanisms of enzymes could be elucidated. Consequently,
successful applications could take place in designing therapeutically active molecules
to control diseases based on unrestrained activity of enzymes that escaped regulation
[67, 68, 69]. Indeed, introducing the mathematical formalism of chemical kinetics theory
to the study of biochemical reactions allowed to access important mechanistic insights
in the dynamics of enzymes and other biological macromolecules, thereby improving
significantly the understanding of biological processes at the molecular level. Physical
properties of biochemical components could therefore be taken into consideration in the
study of biological processes involving protein-protein interactions, interactions between
proteins and nucleic acids, interactions of small organic molecules with biological macro-
molecules, enzyme-substrate interactions and transport processes [70, 71, 72]. Moreover,
with this approach not only properties specific to given enzymes were found (e.g. speci-
ficity, stoichiometry and affinity), but also classes of mechanisms could be discovered
(e.g. modes of inhibition, allosteric regulation, cooperative binding) which contributed
to a significant improvement in the basic knowledge of general biological concepts.
Despite the encouraging aspects of approaching the study of biochemical processes
mathematically, the framework of this formalism is almost completely based on in vitro
conditions of experimentation. This implies to validate theoretical concepts with exper-
imental conditions that are only partially consistent with the actual environment where
the studied reactions occur. Actually, in vitro experiments assume conditions where
the interacting molecular species are present as highly pure fractions and devoid of all
other components normally present in their native context. Thereby, the development of
theoretical tools can be biased by experimental validation that only partially represents
the real process occurring in vivo [73, 74, 75, 76]. These problems can be due to the
absence of molecular species contributing to the reaction (e.g. allosteric regulators), to
the impact of the purification procedure on the macromolecules of interest, to the lack of
heterogeneity characteristic of the intracellular environment, to the absence of the molec-
ular crowding effect which implies different diffusion rates of macromolecules in cellular
compartments with respect to simpler buffered chemical conditions of in vitro experi-
ments. Moreover, the high level of connectivity in biological networks makes difficult to
isolate pathways branches from the system they are part of.
Similarly to enzymatic reactions, several studies have been carried out in attempt to
characterize the process of gene regulation at the level of transcriptional factors binding
to DNA regulatory regions. However, like in enzyme kinetics, an important bottleneck
relies on the incomplete picture that in vitro experiments give about the interaction of
proteins with DNA. Moreover, in order to properly describe the real process of gene reg-
ulation occurring in vivo it is not sufficient to simply account for binding of regulators
to DNA regulatory sequences but it is necessary to take into consideration the effect of
several cellular components all together. Due to the large number of molecules partici-
pating to gene regulatory processes, such systems are obviously even more complicated to
describe than enzymatic reactions: The process of gene regulation is composed of many
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steps and components that can be subject to regulation and thus can vary drastically
under different conditions. Furthermore, if in the context of in vitro experimentation
continuous deterministic models can be efficiently applied, in vivo description of gene
regulation has shown to be subject to stochastic fluctuations [77, 78, 79]. The interac-
tion of molecular partners like activators binding to DNA regulatory sequences studied
in vitro can thereby differ very substantially from the one occurring in vivo [80, 33].
2.6 Mathematical Description of Gene Regulation
In order to improve our knowledge about the mechanisms underlying gene regulation,
similarly to the advances that were determinant for the development of ligand binding
and enzyme kinetics, there is the necessity of developing experimental techniques that
allow to access biological parameters in vivo on one hand, and theoretical tools on the
other hand to interpret the experimental findings.
Recently, besides of in vitro studies of protein-DNA interactions, a series of attempts
to shed light on the process of gene activation in vivo have been proposed both on the
theoretical and experimental level [15, 81, 82, 31, 25].
The practical consequence of dealing with living cells implies in fact to consider the
effect of many components with the consequence that perturbations externally applied to
study in vivo systems could affect undesired branches of the metabolism compromising
cellular functions. Hence, since in vivo measurements of affinities are essential to un-
derstand the quantitative behavior of transcriptional regulatory networks in living cells
[83], the current situation is clearly pointing out the necessity of developing new tools
that can be applied to study living cells more efficiently. Importantly, new insights could
be gained by applying minimally invasive experimental techniques that combined with
the appropriate mathematical tools could provide maximal information. Our purpose is
to adapt mathematical tools commonly used in enzyme kinetics to the context of gene
regulation proposing an alternative modeling approach inspired by concepts widely used
in different fields of science and engineering. These new mathematical tools combined
with an experimental synthetic biology setup based on promoter engineering permit to
access important information from experiments carried out in living cells.
2.7 Promoter Engineering to Study Gene Regulation
Nowadays, the understanding of the quantitative aspects of transcriptional regulation
at the level of the promoter architecture is still poor and this is most notably due to
ignorance of many biochemical parameters, especially their relevant in vivo values [82].
Moreover, many complex molecular events occur during regulated changes in transcrip-
tion, and it is unclear to what extent changes in transcription factor concentrations can
explain differences in expression between conditions [31].
A crucial point in studying transcriptional regulation is to be able to understand and
predict how the architecture of promoters affects the transcriptional activity [1]. For the
purpose of having a more complete understanding of the interactions involving the differ-
ent molecular species that are determinant for gene regulation, we employed a technique
based on libraries of engineered promoters to methodically investigate protein-DNA bind-
ing in vivo. It’s in fact possible to apply modifications in gene regulatory sequences in
order to study biomolecular interactions in the conditions where they naturally occur.
Promoter libraries of variable strength for gene systems provide means to quantitatively
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describe the mechanisms driving regulation of gene expression. For example, applying
series of graded alterations in a gene regulatory sequence that affect the binding affinity
for a given molecular partner, would permit to modulate the strength of a given signal
in order to extract information that characterizes the studied system. Moreover, a set
of promoters of variable affinity can be obtained with techniques of directed evolution
in order to constitute a library exhibiting broad ranges of genetic control [19, 21, 22].
Currently, despite the increasing amount of high-throughput experimental data and
the consequent development of models to describe and relate them to their respective
context, new experimental approaches are still needed to reveal important properties of
biological systems in their native context [36]. The purpose of this methodology based
on promoter engineering consists of the evaluation of microscopic parameters related to
the binding events involved in gene regulation. In this way, parameters such as rate
constants and cooperativity coefficients would become experimentally accessible in their
native context.
2.8 Data Analysis & Mathematical Tools
The concept of saturation function is widely used in enzyme kinetics and ligand binding.
Saturation functions are transfer functions that relate input and output in biochemical
systems. They indicate the relationship between the concentration of substrate and rate
in enzyme kinetics or the fraction of complex formation in molecular association studies
as a function of the concentration of one system’s component.
Saturation functions have been widely used to successfully interpret in vitro ex-
periments of biochemical isolated systems. In addition to their application in enzyme
kinetics and ligand binding, saturation functions can also be useful in biological systems
in order to describe gene activation. Similarly to enzyme kinetics which studies how
enzymes convert substrate into products, it can be assumed that DNA regulatory se-
quences exert a function comparable to enzymes. DNA regulatory sequences catalyze in
fact RNA transcription which is proportional to gene expression so that degree of induc-
tion can be mapped to gene expression level. The tools applied to enzyme kinetics could
thereby principally be employed in the context of gene regulation in order to describe
gene regulatory processes.
2.8.1 Saturation Functions for Single Activator Binding
2.8.1.1 Rapid-Equilibrium Assumption to Derive Saturation Functions
The rapid-equilibrium or quasi-equilibrium approach is a simple way to derive satura-
tions functions for chemical binding processes. The easiest way to model gene activation
is to consider the activity of a DNA regulatory sequence (such as promoter sequences)
to be proportional to the regulators bound to it. The variables to take into account are
thereby the amount of regulator (A = activator) in the system and its propensity (K =
binding affinity) to recognize the DNA sequence (B = receptor, binding site) forming a
chemical complex (C = complex) in order to enhance transcription (D = product, RNA)
upon recruitment of the transcriptional machinery. So that for a system composed of
a single receptor binding site (considered here to be a promoter sequence with a single
activator binding site) the saturation function can be derived assuming chemical equilib-
rium between receptor and activator (equilibrium assumption is supported by the fact
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that association and dissociation reactions of activators to their binding sites are much
faster than the process of transcription).






one is interested in expressing the complex formation C, which is proportional to the
created product D, as a function of the reactants that can be kept under experimental
control.
Hence, since reaction (1) assumes rapid equilibrium for the reactions connecting A,
B and C compared to the reaction connecting C and D, i.e., k1, k−1  k2, it holds that
the association rate is
k1[A][B] (2)
and the dissociation rate
k−1[C] (3)
in which [] denote the concentrations of the relative species.
Assuming chemical equilibrium, association and dissociation rate balance each other
so that we obtain
k1[A][B] = k−1[C] (4)















Where KA and KD are the equilibrium association and dissociation constants, re-
spectively.
Association and dissociation constants are functions of their standard states and can
be reduced to the fundamental formula to
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∆G° = −RTlnK° (7)
with K° being the equilibrium constant and ∆G° the Gibbs free energy in the stan-
dard state, R the universal gas constant (R = NA · kB with NA being the Avogadro
constant and kB the Boltzmann constant) and T the temperature.
Further, introducing the total concentrations of the different components participat-
ing to the reaction (which is the actual quantity that one can set experimentally) we
obtain
[A]t = [A] + [C] (8)
[B]t = [B] + [C] (9)
In order to have C as a function of the other components of the system (C is supposed
to be the chemical configuration that reflects activation of the system), and assuming
that the activator A is in large excess with respect to its binding target B ([A]t  [B]t),








Since the second step in reaction (1) is a first-order reaction, and that anyway due to
the assumption of rapid-equilibrium between A and B, k2 is the rate-determining step











Where k2[B]t is the maximal possible level of system activation, in which every single
DNA sequence has an activator bound to it ([C] = [B]t). Consequently we call
Vmax = k2[B]t (12)
and after substitution of Eq.12 in Eq.11 this results in the final form of the saturation
function that reflects the fractional degree of system’s activation:
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Assuming experimental conditions where the activator concentration can be consid-
ered as the system’s variable and can be set externally, the graphical representation of
the saturation function is a rectangular hyperbola called saturation or dose-response
curve (see Fig.2).











Figure 2: Graphical representation of Eq.13. The curve asymptotically tends to maximal
activation of the system (here Vmax = 1). The value of KD on the x-axis corresponds to
the y-axis value of Vmax2 highlighted by a circle of coordinates (KD ,
Vmax
2 ).
2.8.1.2 Steady-State Assumption to Derive Saturation Functions
An alternative way to model gene regulation is assuming steady-state of the inter-
mediates instead of equilibrium [84]. In this case it is not necessary for the complex C
to be in chemical equilibrium with A and B in order to transcribe the product D. As it
will be evident later, this assumption is a more general theory with respect to the the
one explained above and it includes the rapid-equilibrium treatment as a special case.
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together with the condition of Eq.9 and assuming that after the initial phase, the
complex concentration remains constant at steady-state, this results in
d[C]
dt
= k1([B]t − [C])[A]− (k−1 + k2)[C] = 0 (16)
The steady-state treatment, like the rapid-equilibrium method, assumes that the free
activator A is in large excess with respect to its binding target B ([A]t  [B]t). Thus,




k1[A] + (k−1 + k2)
(17)


















which reduces to KD in the special case where the complex formation reaction is
much faster than the product conversion, k2  k−1, as it is the case in gene regulation
(activator binding to DNA regulatory sequence is faster than transcription).
Further, the maximal activation of the system is reached when very high concentra-
tion of activator fully saturate all molecules of receptor DNA. In this case [C] = [B]t and
the rate of product formation d[D]dt reaches asymptotically maximal value called Vmax
Vmax = k2[B]t (20)
Equation Eq.18 can then be rewritten in the form commonly known as Michaelis-
Menten equation
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The resulting dose-response curve obtained by this steady-state treatment is a rect-
angular hyperbola as for the rapid-equilibrium treatment for one binding site (see Fig.3).
The only difference is the x-axis value corresponding to Vmax2 which is equals to KM =
k−1+k2
k1















Figure 3: Graphical representation of Eq.21. The curve asymptotically tends to maximal
activation of the system (here Vmax = 1). The value of KM on the x-axis corresponds
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2.8.2 Adair Equation for Multiple Activators Binding
Compared to the rapid-equilibrium approach, steady-state treatment is more compli-
cated and requires greater effort to derive, especially for large systems composed of
many intermediates. The steady-state method is not particularly difficult per se as a
method, its application simply may generate very large expressions that are not always
easy to handle.
In contrast, assuming rapid-equilibrium one can easily face large systems and derive
saturation functions that account for multiple ligands binding as well as for additional
effects (e.g. binding cooperativity) in a straightforward way (see Fig.4).
The Adair equation is a rapid-equilibrium based method originally derived to describe
the binding of oxygen to hemoglobin [24]. It can anyway be used efficiently to describe












Ligand X  X
 X  X X
P P·c
K K K
Sequential Regulator Binding to DNA 
Regulatory Sequences
Receptor Receptor
Figure 4: Sequential binding process described by Adair equation modeling approach.
The receptor binds the first ligand with probability P , the probability of further ligand
binding is influenced by a factor c determined by receptor-bound ligands. Ligands previ-
ously bound to the receptor can enhance further binding (positive cooperativity, c > 1)
or hinder further binding (negative cooperativity, c < 1). If c = 1 there is no influence
of bound ligands on subsequent binding events (independent binding).
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2.8.2.1 General Adair Equation for Enzyme Kinetics
The Adair method consists of using the definition of chemical equilibrium binding
constants and stoichiometric binding constants in order to formulate a general saturation
function that can account for multiple ligand binding. The Adair equation allows a
mechanistic definition of cooperativity that may be compared to empiric definitions
such as the one represented by the Hill equation approach (discussed later).
The principle of the Adair equation is to sum all contributions participating to the
activation of the described system in the numerator and to normalize this quantity by











So that in order to describe the general case of a receptor R with n binding sites
for ligands L, which upon binding forms a ligand-receptor complex RLi with i ligands






[RL] + 2[RL2] + 3[RL3] + . . .+ n[RLn]
[R] + [RL] + [RL2] + [RL3] + . . .+ [RLn]
(23)
where the numerical value that multiplies every term is a weight that accounts for the
contribution of receptor’s configurations with i ligands bound. Here it is assumed that
these configurations contribute i times to system’s activation with respect to a receptor
with a single ligand bound. This assumption is appropriate to describe enzymatic reac-
tions where i catalytic subunits of an enzyme convert i substrate molecules to i product
molecules. This is exactly i times the corresponding contribution of a single catalytic
subunit.
The expressions for the individual steps are represented by the stoichiometric binding
constants κi for the i
th step in series of n steps as follows:
R + L





 RL2 κ2 =
[RL2]
[RL1][L]
[RL2] = κ2[RL1][L] = κ1κ2[R][L]
2
RL2 + L
 RL3 κ3 =
[RL3]
[RL2][L]




 RLn κn =
[RLn]
[RLn−1][L]
[RLn] = κn[RLn−1][L] = κ1 . . . κn[R][L]n
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Using Eq.24 to reformulate Eq.23 such that Y becomes a function of the ligand




3 + . . .+ nκ1 . . . κn[R][L]
n




3 + . . .+ nκ1 . . . κn[L]
n
1 + κ1[L] + κ1κ2[L]2 + κ1κ2κ3[L]3 + . . .+ κ1 . . . κn[L]n
(25)
The stoichiometric binding constant κi can be expressed as a function of the equilib-





in which n−i+1i is a combinatorial term that accounts for the binding probabilities
of association and dissociation of further ligands. It accounts for the probability of a
ligand to bind the receptor divided by the the probability to unbind. For example, if
two binding sites are present on a receptor, there are 2 combinations for the first ligand
to bind and 1 to unbind, while there is only 1 combination left for the second ligand to
bind and 2 to unbind.
Further, in order to account for binding cooperativity, a numerical factor is intro-
duced in Eq.25 to take into consideration the effect of bound ligands on subsequent
binding events. Thus, upon binding the receptor, the first ligand influences the second
ligand binding by a factor c1. Subsequently, the third binding event occurs under the
influence of the previously bound ligands, i.e., c1c2, and so on:
1th binding: κ1 = n ·K




3rd binding: κ3 =
n− 2
3
· c1 · c2 ·K
4th binding: κ4 =
n− 3
4
· c1 · c2 · c3 ·K
...
nth binding: κn =
1
n
· c1 · c2 · c3 . . . cn−1 ·K
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If cooperativity terms are greater than unity, subsequent ligand binding is facilitated
(positive cooperativity: ci > 1), if smaller than unity the next binding event is hindered
(negative cooperativity: ci < 1) and independent binding occurs when the ci = 1.
So, for the equilibrium binding configuration with i ligands bound (i.e., up to the ith
step in the binding sequence composed of n steps) we can write






n− j + 1
j
(28)
is the combinatorial term that accounts for the binding probabilities of association





is the cooperativity term that considers the effect that ligands bound to the receptor
exert on the next ligand binding.





3[L]3 + . . .+ nγnσnK
n[L]n
1 + γ1σ1K[L] + γ2σ2K2[L]2 + γ3σ3K3[L]3 + . . .+ γnσnKn[L]n
(30)


































which is represented graphically in Fig.5.
Due to the contribution weights for receptors bound by multiple ligands, the values
assumed by the Adair equation range from 0 to the number of receptor binding sites n:
0 ≤ Y ([L]) ≤ n (32)
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Figure 5: Enzyme-kinetics-Adair equation. The effect of a different number of ligand
binding sites n (from 1 to 4) is compared in absence (c1, c2, c3 = 1, K = 1, left panel)
and presence (c1, c2, c3 = 10, K = 1, right panel) of binding cooperativity.
2.8.2.1.1 Example: Hemoglobin Modeling with Adair Equation
Binding properties of the oxygen transport proteins hemoglobin and myoglobin were
known before the end of the 19th century. Early studies of oxygen binding to these
two similar proteins revealed that the saturation curve of myoglobin was a rectangular
hyperbola while hemoglobin showed a sigmoidal curve. This allowed Adair to show that
hemoglobin was composed of four subunits (actually now it is known that hemoglobin
is a heterotetramer of type α2β2) while myoglobin was a monomer.
The cooperative behavior responsible for the sigmoidal saturation curve of hemoglobin
was modeled in a sequential way. The binding of the first oxygen molecule to one of
the four sites enhances binding of the second molecule by a factor c1. Subsequently, the
binding of the second oxygen molecule enhances the third by a factor c2 and finally, the
third oxygen bound to hemoglobin promotes the last binding by a factor c3.
Assuming the microscopic binding affinity of an oxygen molecule to one binding site
being K (considered to be an equilibrium association constant), the sequential binding
events are driven by the following stoichiometric affinities:
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1th binding: κ1 = 4 ·K




3rd binding: κ3 =
2
3
· c1 · c2 ·K
4th binding: κ4 =
1
4
· c1 · c2 · c3 ·K




4 are combinatorial factors accounting for the
probability of an activator binding divided by the probability of an activator unbinding
in relation to the free/occupied binding sites available (i.e., for the first binding there are
4 combinations for the ligand to bind and 1 to unbind, for the second binding there are 3
combinations left for the ligand to bind and 2 to unbind, and so on). The combinatorial
factor for the ith ligand binding to a receptor of n binding sites is defined by n−i+1i which
connects stoichiometric to binding constants (Eq.26).
As explained previously, the Adair approach consists of summing all configurations
contributing to the activation of the system (in this case contributing to oxygen trans-
port) normalized by all binding configurations the system can assume. The resulting
expression is a saturation function that reflects the level of system activation as a func-
tion of its induction (in this case exposure to different oxygen concentrations, represented
by x):
Y (x) =
1 · σ1γ1Kx+ 2 · σ2γ2K2x2 + 3 · σ3γ3K3x3 + 4 · σ4γ4K4x4
1 + σ1γ1Kx+ σ2γ2K2x2 + σ3γ3K3x3 + σ4γ4K4x4
(33)
In Eq.33, the numerical value that multiplies each term is the contribution weight that
accounts for the relative contribution of every configuration to activation of the system:
For the present example of oxygen transport, the term of the hemoglobin configuration
with four oxygen molecules bound is multiplied by four because this molecule transports
exactly four times the amount of oxygen than a molecule in the first configuration that
transports one single oxygen molecule. Furthermore, the combinatorial factor for the ith
ligand binding is defined by σi (Eq.28) and the cooperative binding factor by γi (Eq.29).
Combining weighted contributions and combinatorial factor σi Eq.33 becomes
Y (x) =
1 · 4 ·Kx+ 2 · 32 · 4 · c1K2x2 + 3 · 23 · 32 · 4 · c21c2K3x3 + 4 · 14 · 23 · 32 · 4 · c31c22c3K4x4
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While the numerator accounts for all the molecular weighted configurations con-
tributing to oxygen transport, the denominator accounts for all possible configurations
the system can assume: In this case the unique configuration present in the denomina-
tor only is the one representing the empty receptor with four free binding sites. This
configuration with zero ligands bound is calculated according to σ0K
0x0 = 1.
The Adair equation is thus a measure of activation of the hemoglobin system as a
function of its induction (oxygen concentration). As a consequence of the weights for
the different configurations in the numerator, Adair equation values range from 0 to the
number of receptor binding sites (0 ≤ Y (x) ≤ 4). Saturation curves of oxygen trans-
porter proteins hemoglobin and myoglobin with four and one binding sites, respectively,
are represented graphically in Fig.6.















Figure 6: Comparison of different saturation curves that describe hemoglobin using
the Adair equation (Eq.34). The dashed curve corresponds to values fitted to the sheep
hemoglobin with parameters a = 36, b = 1.68, c = 4.69, K = 1. The blue curve repre-
sents absence of cooperativity (a, b, c = 1, K = 1) and the red curve strong cooperativity
(a = 10, b = 100, c = 1000, K = 1). The green curve shows the corresponding situation
for a monomeric protein like myoglobin.
2.8.2.2 Adaptation of the Adair Equation to Gene Regulation
The numerical weight for system’s active configurations present in the numerator of
the Adair equation described above is what makes the difference between the enzyme-
kinetics-Adair equation explained in the previous section and the gene-regulation-Adair
equation described in this section. For the reasons explained previously, modeling en-
zymes composed of multiple subunits implies to use a weight for binding configurations
representing receptors bound with multiple ligands as a multiple of the single ligand
bound configuration. In contrast, in order to model gene regulation from the perspec-
tive of DNA regulatory sequences containing multiple activator binding sites, one can
assume that, independently on the number of activators bound, there is always the for-
mation of only one initiation complex recruiting a RNA polymerase II. It has actually
been shown that single activators bound to promoters can maximally activate gene ex-
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pression [77]. It is likely that the presence of multiple activators on DNA regulatory
region contributes to gene activation mainly by increasing the recruitment probability
of the RNA polymerase II. This represents a fundamental difference with respect to
the enzyme-kinetics-Adair equation where multiple binding sites contribute to increase
the maximum activation level of the system. In contrast, in the gene-regulation-Adair
equation it is supposed that all binding configurations attain the same maximal level at
saturation (compare Fig.5 with Fig.7).

















[RA] + [RA2] + [RA3] + . . .+ [RAn]
[R] + [RA] + [RA2] + [RA3] + . . .+ [RAn]
(36)
Consequently, the numerical weight for the system’s active configurations present
in the numerator of the enzyme-kinetics-Adair equation is removed from Eq.30 and






3[A]3 + . . .+ γnσnK
n[A]n
1 + γ1σ1K[A] + γ2σ2K2[A]2 + γ3σ3K3[A]3 + . . .+ γnσnKn[A]n
(37)


































in which, the range of the values assumed by this form of the Adair equation is
0 ≤ Y ([A]) ≤ 1 (39)
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Figure 7: Gene-regulation-Adair equation to compare the effect of a different number
of activator binding sites n (from 1 to 4) in absence (c1, c2, c3 = 1, K = 1, left panel)
and presence (c1, c2, c3 = 10, K = 1, right panel) of binding cooperativity.
2.8.3 The Hill Equation
The Hill equation represents an empirical saturation function proposed by the British
physiologist Hill [85] to describe the observed cooperative binding of oxygen to hemoglobin.
The model assumes that hemoglobin is present in a monomeric or multimeric configu-
ration in absence or presence of oxygen, respectively. So that considering R (hemoglobin)






κ = κ1 . . . κn (41)














According to Eq.27 and temporarily neglecting the sequential cooperative factors γ
(the reason will be explain in the next paragraph) we obtain
κ = σnK
n = Kn (43)
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Compared to the Adair equation for enzymatic reactions, Eq.44 only contains terms
for empty and saturated receptors (1 and [L]n, respectively). Thus, this procedure to
derive the Hill equation assumes only two extreme states of the system: Fully off (empty
receptor) and fully on (saturated receptor). Consequently, this implies a priori infinite
binding cooperativity. Namely, the binding process described by the Hill equation means
that upon first ligand binding, the empty receptor (inactive state) immediately switches
to the fully bound configuration (maximally activated state) without intermediate states.
Eq.44 describes indeed this idealized situation of infinite binding cooperativity. Anyway,
in reality intermediate states of partially saturated receptors do exist and thus the expo-
nent n will always be smaller then the number of receptor binding sites. So, the exponent










0 < nH < n (46)
However, despite the fact that the Hill coefficient is devoid of physical meaning and
should be considered as a purely empirical value, this approach is particularly useful
because it allows to set a maximal threshold in the cooperativity level: With infinite
sequential cooperativity between binding steps, the measured exponent is equal to the
number of ligand binding sites n. This value is in reality never reached, anyway the
higher the cooperativity of the system, the closer the measured exponent nH will tend
to this idealized upper bound n providing an efficient quantitative measure for binding
cooperativity:
Positive cooperativity: nH > 1
Independent binding: nH = 1
Negative cooperativity: nH < 1
Where positive/negative cooperativity results in facilitated/hindered further binding
with respect to the actual receptor configuration, while independent binding implies that
each binding event has no influence on the next (see Fig.8).
The Hill equation is commonly written similarly to the Eq.13 using maximal ac-
tivation term Vmax, which here anyway acts as a simple scaling factor, and since its
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wide range of application in different contexts, the independent variable is substituted
with x that can account for different inputs (e.g. enzymatic substrate concentration,
























Different levels of binding cooperativity
Figure 8: Hill function represented with different levels of binding cooperativity. Strong
negative cooperativity (nH = 0.25), negative cooperativity (nH = 0.5), independent
binding (nH = 1), positive cooperativity (nH = 2), strong positive cooperativity (nH =
4); Vmax = KD = 1.
2.8.4 Logarithmic Sensitivity
Logarithmic sensitivity or logarithmic derivative or also called elasticity is a key tool
that allows to correlate input to output in systems of different contexts and it is widely
used in different fields outside of chemistry like finance and management, as well as in
engineering and computer science. Logarithmic sensitivity expresses the relative increase
of a variable (y = output) with respect to another variable (x = input).
Logarithmic Sensitivity:
εyx =
% change in y










The logarithmic sensitivity in chemistry has been applied to metabolic control anal-
ysis in order to study regulatory mechanisms in cellular networks. In chemical kinetics
elasticity is used to determine the order of reactions with respect to a particular reactant.
That is, for mass action rate laws elasticity assumes a numerical value that corresponds
to the kinetic order of the reaction with respect to a specific reactant: For the reaction
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A + 2B
k−→ C (49)





































So that it results that reaction Eq.49 is of first order in A and second order in B
as it can be seen by a graphical representation of ln(υ) vs ln[A] and ln(υ) vs ln[B],
respectively (see Fig.9).
















A Sensitivity: x = [A] (Slope = Order = 1)
B-Sensitivity: x = [B] (Slope = Order = 2)
Reaction Order Determination
Mass Action Law
Figure 9: Kinetic order of the reaction determined by graphical representation of ln(υ)
vs ln[A] and ln(υ) vs ln[B]. The resulting slope corresponds to the respective order of
the reaction which can be calculated using the logarithmic sensitivity with respect to A
(ευ[A]) and B (ε
υ
[B]) (equations Eq.51 and Eq.52, respectively).
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Alternatively, for more complex systems such as saturation functions the elasticity
can also assume the form of a function of inputs. For example, calculating the logarithmic
sensitivity of the Hill function (Eq.47) results in a function of the input x comprised








0 ≤ εY (x)x ≤ nH (54)















Logarithmic Sensitivity (Elasticity) of Hill Function
Different levels of binding cooperativity
Figure 10: Logarithmic sensitivity of Hill functions represented in Fig.8 with different
levels of binding cooperativity. Strong negative cooperativity (nH = 0.25), negative
cooperativity (nH = 0.5), independent binding (nH = 1), positive cooperativity (nH =
2), strong positive cooperativity (nH = 4); Vmax = KD = 1.
The same calculation has been applied to the Adair equation for both enzyme kinetics
and gene regulation as presented in the previous sections to highlight system’s properties
in case of multiple ligand binding combined with the effect of binding cooperativity (see
Fig.11 and compare with Fig.5 and Fig.7).
2.8.5 Parametric Representation of Gene Expression Data
Parametric representation can be used to connect outputs of different systems as a func-
tion of a common input: When comparing systems that exhibit different responses to
same inducing conditions, it can be convenient to express deviations between systems
rather than their corresponding saturation functions. For example, parametric represen-
tation can be used to represent the response of distinct promoters reacting differently
to a common stimulus (e.g. external induction) possibly evoking stronger response in
certain genes with respect to others. A concrete example is found in the galactose net-
work of Saccharomyces cerevisiae where induction is mediated by common regulatory
components responsible for the activation of a set of different genes (GAL genes) upon
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Logarithmic Sensitivity (Elasticity) of Enzyme-Kinetics-Adair Equation
no cooperativity, K=1

















Logarithmic Sensitivity (Elasticity) of Enzyme-Kinetics-Adair Equation
cooperativity, K=1

















Logarithmic Sensitivity (Elasticity) of Gene-Regulation-Adair Equation
no cooperativity, K=1

















Logarithmic Sensitivity (Elasticity) of Gene-Regulation-Adair Equation
cooperativity, K=1
Figure 11: Logarithmic sensitivity of the enzyme-kinetics-Adair (upper panels, compare
with Fig.5) and gene-regulation-Adair (lower panels, compare with Fig.7) equations to
compare the effect of a different number of activator binding sites n (from 1 to 4) in
absence (c1, c2, c3 = 1, K = 1, left panels) and presence (c1, c2, c3 = 10, K = 1, right
panels) of binding cooperativity.
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galactose exposure: The same stimulus activates several genes each driving different
responses.
Comparing in vivo measurements of gene expression data can result difficult due
to experimental errors and this way of representing measurements data can be conve-
nient to compensate external perturbations: If external noise affects a certain induction
condition, the effect would propagate to all systems under correlation and the resulting
representation would conserve its characteristic features.
A simple example to illustrate parametric representation consists of using the Adair
equation to draw saturation curves of single and multiple binding sites systems exposed
to a common input. Further, one combines the curves by expressing single binding site
promoters on the x-axis and multiple binding site promoters on the y-axis. This rep-
resentations is particularly useful for the purpose of determining the gain in expression
due to multiple binding sites. The advantage consists first of all of a simple yet efficient
reference system that can be used unambiguously as a fixed point in order to compare
enrichment in gene activity correlated to multiple binding sites. The reference system
consists of a diagonal identity function that represents the parametric combination of
single operator (on the y-axis) versus single operator system (on the x-axis). This simply
accounts for zero enrichment when comparing two systems (obviously since two equal
systems are compared). More interestingly, in the same fashion as explained before
but now comparing multiple operator (on the y-axis) versus single operator system (on
the x-axis), the curve assumes the shape of a hyperbolic function and depending on
the applied stimulus common to the analyzed systems, different portions of the curves
become accessible, conserving anyway the same topology (see Fig.12). The expression
gain between single and multiple operator systems can be quantified by the area be-
tween the two curves and information about the switch-like character of the system as
a consequence of multiple binding sites is encoded in their slopes.
2.8.6 Logistic Function
Logistic function (also called the Verhulst model or logistic growth curve) is a standard
sigmoidal function initially developed to describe population growth but frequently used
to describe general natural processes (e.g. chemical autocatalytic reactions) which found
applications in a range of different fields from biology to economics and engineering.







where r is the maximal population growth and K the carrying capacity that repre-
sents population’s limit. Nondimensionalization of Eq.55 leads to
dx
dt
= rx(1− x) (56)
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Low & High Induction Using Gene-Regulation-Adair Equation


























Low & High Induction Using Enzyme-Kinetics-Adair Equation
Figure 12: Saturation curves in parametric representation. Multiple operator curves
are generated using the Adair equations (right plot: Enzyme-kinetics-Adair equation
(Eq.31); left plot: Gene-regulation-Adair equation (Eq.38)) with n = 4, K = 1, c1 = 10.
c2 = c3 = 1. In addition, basal expression was set at 0.05 units and added to the
respective equations. Induction was arbitrarily set at 10 and 0.3 corresponding to the
denomination high and low induction, respectively. On the x-axis it is represented
the range of expression covered by the single operator system while on y-axis by the
multiple operator system. Curves corresponding to high (red lines) and low (black lines)
induction are obtained by combining expression values of x and y-coordinates while
reference systems are constructed by the same procedure but comparing single versus
single operator system, thus giving a diagonal line (thin dotted and dashed lines).
in which x =
N
K
and has the analytical solution




In the context of our study we use the version of the logistic equation commonly





which, with the addition of variable parameters can be transformed into a four-
parameter logistic equation and efficiently used to carry out fitting procedures of sig-
moidal curves (see Fig.13).
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Figure 13: Standard logistic sigmoidal function (Eq.59) with A0 = A1 = A2 = 1;A3 =




3 Material and Methods
3.1 Methods




Flow cytometry is a technology that allows to measure fluorescence intensity of sin-
gle cells passing in a fluid stream through a laser beam. The laser excites specific
fluorophores such as fluorescent proteins and a detector reads the longer wavelength
fluorophore’s emitted light. The outcoming signal is further converted into an electric
signal and conveyed to a computer that displays different features of the sample prop-
erties. Flow cytometry was used in this study to measure the fluorescence level of yeast
cells. This allows one to quantify reporter gene expression under different conditions
which cells are exposed to with the advantage with respect to fluorescence microscopy
that it permits to obtain information about a cell population simultaneously.
For the present study, cells were grown overnight in an appropriate selection medium
at 30 . Subsequently, cells were transferred in induction tubes with same selection
medium used for the overnight culture together with different concentrations of inducer
(e.g. doxycycline). The initial cell concentration in induction tubes depends on the
total induction time the cells are exposed to and the growth rate in the applied con-
ditions. It has been counted that the final cell density after induction growth should
be of OD600nm ≈ 0.8. After the period of induction, samples have been kept on ice
and loaded into the flow cytometry instrumentation according to the instrument’s user
protocol. Mean cell fluorescence has been obtained from 5-15% of the total cell popula-
tion selected from a gated region in the forward-scatter versus side-scatter plot. Mean
fluorescence of 10,000-30,000 cells has been measured per induction condition. In addi-
tion to the induced samples, a non-induced control strain has been used to account for
background fluorescence. The effective fluorescence has been then calculated according





where F corresponds to the fluorescence measure of the induced sample and C to the
fluorescence of the non-induced control strain.
3.1.1.2 β-Galactosidase CPRG assay
LacZ assays have been performed following standard protocol of clontech [86]. LacZ
is a commonly used reporter gene in transfection experiments because the gene product,
β-galactosidase, is very stable and resistant to proteolytic degradation and easily assayed.
The levels of active β-galactosidase expression can be quickly measured by its catalytic
hydrolysis of CPRG (Chlorophenol red-β-D-galactopyranoside) substrate to a dark red
product. The high sensitivity improves the measurement of β-galactosidase activity
when the reporter gene expression is low.
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3.1.1.3 Real Time PCR
Real time PCR is a variant of the classical polymerase chain reaction (PCR) but
with the advantage that it permits to monitor the time evolution of the reaction and
thereby to quantify the initial amount of DNA present in the sample. In the context of
the present study, the real time PCR has been combined with reverse transcription in
order to quantify messenger RNA of yeast cells. For this purpose messenger RNA has
been firstly extracted from yeast’s cell cultures and converted into cDNA through reverse
transcription in order to be detected and quantified using real time PCR according to
the instrument’s user protocol.
3.1.2 Molecular Biology Methods
3.1.2.1 Yeast Transformation (Lithium Acetate Method)
Yeast transformation has been performed using the lithium acetate method according
to the standard protocol described in [87]. The lithium acetate method is based on the
fact that alkali cations make yeast competent to take up DNA. After yeast is briefly
incubated in buffered lithium acetate, transforming DNA is introduced with carrier
DNA. Addition of polyethylene glycol (PEG) and a heat shock trigger DNA uptake.
The yeast have been then plated on selective media [88].
3.1.2.2 Bacteria Growth
E. coli cultures were grown at 37  in LB medium supplied with 75 µg/ml ampicillin.
3.1.2.3 Yeast Growth
Yeast cultures were grown at 30  in selection medium supplemented with 2% (w/v)
carbohydrate source and inducer for a variable time (usually 6 hrs if not otherwise
specified). In case of use of raffinose as carbohydrate source, the medium has been
further supplemented with 0.005% of glucose in order to facilitate cell growth.
3.1.2.4 Molecular Cloning
pBluescript-based pRS vectors have been used to build synthetic constructs in the
present work. These vectors contain a bacterial origin of replication (ORI), a bacterial
selection marker (e.g. ampicillin), a yeast selection marker (e.g. URA3) and a multiple
cloning site. Two types of pRS are available: Yeast integrative plasmids (YIp) which inte-
grate into a particular locus in the yeast genome by homologous recombination and yeast
centromeric plasmids (YCp) which contain a centromeric sequence (CEN) and a yeast’s
origin of replication (ARS). Different constructs have been build in this study using pRS
vectors as starting material. Vectors were purified from E. coli cultures according to
the plasmid isolation procedure described in the material section. The plasmids were
subsequently engineered using modern molecular cloning techniques [89] and later re-
transformed in E. coli for amplification. Constructs and intermediates between cloning
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steps were systematically sequenced to check for correctness before transformation in
yeast cells.
3.1.2.5 Promoter Libraries
Promoter libraries used in this study were build by cloning synthetic binding sites
specific for a transcription factor of interest in pRS306 vectors. pRS306 vectors have
been used to construct the following libraries by insertion of the modified promoters
and reporter gene blocks flanked by transcriptional terminators between KpnI and NotI
restriction sites (see Appendix I for sequence details).
3.1.2.5.1 tet-Operator Library in EGT2 Core Promoter
For the tet-operator library in PEGT2, the binding sites for rtTA (tet-operators) have
been synthesized as single stranded DNA first, annealed in a water bad gradient (with
initial temperature of 100  and progressively cooled down to room temperature), phos-
phorylated, and subsequently cloned in the core promoter region of the yeast’s EGT2
gene upstream of a reporter gene. The multiple operator library has been constructed
using restriction site sequences (NheI, SpeI, SgsI, AvrII, XbaI ) as spacers between op-
erators. The single operator library has been constructed using AvrII as restriction site
for insertion. Constructs containing one to five operators were constructed in the same
fashion where blocks of variable number of tet-operators have been inserted starting from
the most proximal restriction site except for the single operator construct that has been
constructed using AvrII as restriction site for insertion. tetO2inphase has been made by
cutting in the restriction site between the two operators of tetO2inEGT2 construct and
DNA flapping regions klenow filled followed by blunt end self ligation thereby leading to
a spacer sequence increase from 6 to 10 bp.
3.1.2.5.2 Gal4pBS Library in GAL1 Core Promoter
For the Gal4pBS library in PGAL1, the synthetic binding site sequences for the
Gal4p activator were introduced in the GAL1 promoter through fusion PCR. The mod-
ified promoters have been subsequently cloned into pRS306 vectors to obtain promoters
and reporter gene blocks flanked by transcriptional terminators comparably to the ’tet-
Operator Library in EGT2 core promoter’.
3.1.2.6 Activators
3.1.2.6.1 rtTA
Fusion protein consisting of rtetR DNA binding domain, VP16 acidic transcriptional
activation domain. The binding of rtTA to tet-operators can be adjusted through the
applied doxycycline concentration (proportional to the active rtTA) [90].
In nature, the Ptet promoter expresses TetR, the repressor, and TetA, the protein that
pumps tetracycline antibiotic out of the cell to confer resistance to gram-negative bac-
teria [91]. Expression of the tetracycline-resistance gene tetA as well as the tetracycline
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repressor gene tetR itself are subject to negative control by Tet repressor [92, 93, 94, 23].
VP16 is the transcriptional activation domain taken from herpes simplex virus.
3.1.2.6.2 GEV
Fusion protein consisting of the Gal4p DNA binding domain, an estradiol receptor
domain and the VP16 transcriptional activation domain. The activity of GEV can be
modulated by the applied estradiol concentration (proportional to the active GEV) [95].
3.1.2.6.3 tetR-Ssn6
Fusion protein consisting of tetR DNA binding domain and Ssn6 repressor domain.
In absence of doxycycline, tetR-Ssn6 binds its target regulatory sequence and represses
expression of the adjacent gene [96].
3.1.2.6.4 rtetR-Ace2p
Fusion protein consisting of rtetR DNA binding domain and the entire Ace2p protein.
BswI and SgsI restriction sequences have been used as spacer sequence between the
rtetR DNA binding domain and the Ace2p. The spacer (CGTACGGGGCGCGCC) is
translated to ArgThrGlyArgAla connecting the two protein modules.
3.1.2.6.5 rtetR-Swi5p
Fusion protein consisting of rtetR DNA binding domain and the entire Swi5p protein.
BswI and SgsI restriction sequences have been used as spacer sequence between the
rtetR DNA binding domain and the Swi5p. The spacer (CGTACGGGGCGCGCC) is
translated to ArgThrGlyArgAla connecting the two protein modules.
3.1.2.6.6 rtetR-NLS-Swi5pABCD
Fusion protein consisting of rtetR DNA binding domain and the ABCD domains of
Swi5p protein according to the denomination used in [97, 98]. The two modules have been
linked between each other by the nuclear localization sequence (NLS, region F according
to the denomination used in [97, 98]). rtetR DNA binding domain (DNA sequence:
nucleotides 1-643) has been connected to SWI5 nuclear localization sequence (DNA
sequence: nucleotides 1900-2125) through a link consisting of GGGCGCGCC (translated
in GlyArgAla), and the latter SWI5 sequence connected to SWI5 ABCD domains (DNA
sequence: nucleotides 4-1639) through a link consisting of CCTGCAGGG (translated in
ProAlaGly).
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Flow cytometry experiments were performed using a Beckmann Coulter CYTOMICS
FC 500 flow cytometer. The data where acquired using the CXP software.
3.2.1.2 β-Galactosidase CPRG assay
Buffer 1: 2.38 g HEPES, 0.9 g NaCl, 0.065 g L-Aspartate hemi Mg-Salt (Sigma),
1 g BSA, 50 µl Tween 20. Fill up to 100 ml. pH 7.25 - 7.3. Stored in the dark at 4 .
Buffer 2: 27.1 mg of CPRG in 20 ml of Buffer 1. This buffer should be prepared
freshly before the experiments. It can be stored at 4  in the dark for 2-3 weeks.
Zinc Chloride Solution: 100 ml of 3 mM ZnCl2 is prepared in water.
3.2.1.3 Real Time PCR
Real time PCR experiments have been performed using ABI® PRISM 7900HT Se-
quence Detection System (Applied Biosystems). An RNA extraction kit (Ambion) was
used to purify RNA and reverse transcription was carried out with ’QuantiTect® Reverse
Transcription Kit’ (Quiagen) following the respective product protocols. The cDNA am-
plification is monitored using KAPA SYBR® FAST qPCR Kit (Kapabiosystems).
3.2.2 Molecular Biology Methods
3.2.2.1 Yeast Transformation
Tris-HCl: 10 mM Tris-HCl pH 7.5.
LiT Solution: Lithium acetate Tris solution: 100 mM lithium acetate in 10 mM
Tris-HCl, pH 7.5.
Carrier DNA: Salmon sperm DNA (Sigma) denatured at 95  before use.
PEG: Polyethylene glycol (PEG) 4000 or 3350 dissolved in 100 mM LiT solution
(1g:1ml).
YPAD: 1% yeast extract, 2% peptone, 2% glucose, 30 mg/liter adenine sulphate.
Selection Plates: 0.69% yeast nitrogen base (Foremedium), 2% glucose, 2% agar,
100 ml of 10X-concentrated solution of amino acid drop-out (Foremedium) in 1 L
medium.
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3.2.2.2 Plasmid Isolation from E. coli cultures
GenEluteTM Plasmid Miniprep Kit has been used according to the procedure de-
scribed in product protocol.
3.2.2.3 Inducer Stock Solutions
Doxycycline: 5 M doxycycline stock solution is made in 50% ethanol. From this
solution further diluted stock solutions can be made and all of them can be stored at
-20 .
Estradiol: 5 M estradiol solution is made in 99% ethanol. From this solution an
estradiol solution of 200 µM is diluted in DMSO. From this solution a 5 µM stock solution
is made freshly before the experiment. 5 M and 200 µM solutions can be stored at -20
. Adding 1 µl of the 5 µM stock solution in 1 ml of medium makes the final estradiol
concentration to 1 nM.
Galactose: 20% w/v galactose stock solution is made in water and then used to
obtain final galactose concentrations in the media.
3.2.2.4 Bacteria Strains
SURE cells (Stratagene) were used for plasmid amplification and bacterial transfor-
mation.
3.2.2.5 Yeast Strains
All the strains used in this study were derived from the following EUROSCARF’s
strains:
S288C-Derived Strains
 BY4741 (MATa; his3∆ 1; leu2∆ 0; met15∆ 0; ura3∆ 0)
 BY4742 (MATα; his3∆ 1; leu2∆ 0; lys2∆ 0; ura3∆ 0)
 SY991 (MATa; ura3∆ 0; his3∆ 1; leu2∆ 0; trp1∆ 63; ade2∆ 0; lys2∆ 0; ADE8)
 SY992 (MATα; ura3∆ 0; his3∆ 1; leu2∆ 0; trp1∆ 63; ade2∆ 0; lys2∆ 0; ADE8)
W303 Wild Type Strains
 BMA64-1A (MATa; ura3-52; trp1∆ 2; leu2-3,112; his3-11; ade2-1; can1-100)





The results described in this thesis were obtained through different sets of experiments
in which several genes and regulators or different variants of certain cellular components
were used to address specific questions concerning gene regulation. The general character
of the subject outlines the usefulness of brief introductory parts describing the experi-
mental setup as well as summarizing paragraphs at the beginning of each section. This
additional material aims to facilitate understanding and bridging between the different
experimental findings.
4.1 Context-Dependent Effects on Gene Regulation
Motivation: The role of gene specific effects concerning activator binding
cooperativity is unknown. The context in which the process of gene regulation
occurs is represented by the target promoter sequence on one hand, and on
the other hand by activator’s transcriptional activation domains.
Aims: Understanding the influence of context specific effects on the process
of gene activation in relation to multiple activator binding sites and activator
binding cooperativity.
Results: Gene specific effects play an important role in decoding induction
stimuli. Promoter sequence, number of activator binding sites present in it
and the activator type used to mediate induction influence gene response.
The context determines the role of multiple binding sites and their influence
on binding cooperativity.
4.1.1 Introduction
In attempt to gain insights in the process of gene regulation in a quantitative fashion,
we systematically investigated how different transcription factor mediated inputs are
integrated by cell cycle promoters and transduced into gene expression response. Using
a synthetic experimental setup we therefore replaced native activator binding sites by
tet-operators in the yeast promoters of the EGT2 gene (PEGT2, containing 6 native
binding sites for Swi5p/Ace2p) and of the SIC1 gene (PSIC1, containing 2 native binding
sites for Swi5p/Ace2p) in order to study the mode of activation driven by the different
promoter sequences under same induction conditions. More precisely, we tried to decode
the role played by different promoters in integrating the signal mediated by rtetR-based
fusion proteins binding to tet-operators. These fusion proteins consist of an externally
controllable DNA binding domain and a transcriptional activation domain derived from
the native activators (Swi5p and Ace2p). In addition, the viral VP16 activation domain
of rtTA was also used in the same experimental conditions.
The binding of rtetR DNA binding domain to tet-operators can be controlled ex-
ternally through doxycycline concentration and so we could compare activation of the
different promoters on one hand, and influence of the number of activator binding sites
combined with the role of the different transcriptional activation domains on the other
hand. With this approach binding cooperativity could be measured quantitatively by
non-linear regression fitting and the nature of the observed cooperativity interpreted in
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relation to specific effects promoted by the different context. One could in fact deter-
mine if cooperativity is due to effects caused by the recruitment of specific components
by a certain transcriptional activation domain (e.g. chromatin remodeling complexes),
or alternatively, activation domain independent cooperativity would indicate stabilizing
interactions between activators (e.g. protein-protein based, DNA induced fit).
4.1.2 System Description
4.1.2.1 Transcriptional Activators
Swi5p and Ace2p are cell cycle regulated transcriptional activators that recognize
the same DNA binding sequences in vitro despite having different roles in vivo. Swi5p
activates transcription of HO gene which encodes for the specific endonuclease needed for
mating type switching. Ace2p activates transcription of CTS1 gene which encodes for
chitinase needed to degrade the cell wall between mother and daughter cells in the final
stage of cytokinesis. Both HO and CTS1 are expressed in the late G1 phase and SWI5
and ACE2 are transcribed in late G2 phase. In addition, Swi5p and Ace2p also activate
other genes: ASH1, CDC6, EGT2, RME1, SIC1, PCL2, PCL9 that play different roles




Figure 14: Representation of the cell cycle of Saccharomyces cerevisiae [99].
Swi5p and Ace2p are similar at the amino acid level and almost identical in the
zinc finger DNA binding domain. Between Swi5p and Ace2p there is 83% amino acid
identity and 94% similarity. The nuclear localization sequence of Swi5p and Ace2p is
conserved and thus the nuclear localization during cell cycle is likely to be equivalent.
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While some of the target genes mentioned above can be activated either by Swi5p or
Ace2p, Swi5p seems to play the major role in activating other of these genes. The only
marked difference is observed for the genes HO and CTS1 where Swi5p and Ace2p are
involved in specific activation. This effect may rely on the specific interaction that Swi5p
undergoes with a specific molecular partner (Pho2p) binding to its activation domain.
The main differences between Swi5p and Ace2p are in effect found in the activation
domain region of the protein hinting for a potential specificity difference. [97].
Actually, another important difference between Swi5p and Ace2p is that only Swi5p
remains active during mitosis. This allowed to reveal one more difference in relation
to the role of the activation domain and indeed that Swi5p has the ability to recruit
chromatin remodeling complexes (SWI/SNF complex) through its activation domain
(region D based on the notation used in [97, 98]) (see Fig.15), thereby suggesting the
ability of Swi5p to activate mitosis specific genes in a cell stage where DNA is highly
structured into chromatin [98].
Figure 15: Scheme of the domains of Swi5p and Ace2p compared. Region ABCD is
responsible for promoter specific activation. Region EF contains DNA binding domain
and nuclear localization sequence [97].
Differently, Ace2p is not associated with such chromatin remodeling complexes and
is active during interphase where the DNA doesn’t require to be decompressed in order
to allow gene activation. Due to these particular differences between two proteins highly
conserved within the same organism, studying Ace2p and Swi5p represents an opportu-
nity to investigate the role of different activation domains, and the consequent effects on
gene activation. We therefore built genetic constructs in order to obtain fusion proteins
composed of an externally controllable DNA binding domain and activation domains
responsible for specific in vivo effects (see section ’Material and Methods’). The expres-
sion of fusion proteins was driven by the constitutive cycline 3 promoter (PCLN3) and
doxycycline was used to control their binding affinity.
4.1.2.2 Promoters
SIC1 and EGT2 are cell cycle regulated genes containing multiple binding sites for
the activators Swi5p and Ace2p. SIC1 is one of the genes activated in mitosis and
drives the expression of cycline dependent kinase (CDK) inhibitor that contributes to
inactivate CDK/B cycline kinase and controls G1/S phase transition thereby preventing
premature S phase entry and ensuring genomic integrity. Its promoter (PSIC1) contains
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2 binding sites for the activators Swi5p/Ace2p. EGT2 is another gene expressed dur-
ing the cell cycle and codes for an endoglucanase involved in cell separation in the G1
stage of the cell cycle. It is regulated in a cell cycle dependent manner. EGT2 ex-
pression is highest between mitosis and early G1 [97, 98, 100]. The promoter of EGT2
(PEGT2) contains 6 binding sites for the activators Swi5p/Ace2p. The synthetic PEGT2
constructed for our purposes contains tet-operators substitutions for 5 and 6 of the 6 na-
tive binding sites (PtetO5inEGT2 (the 3
rd binding site is left unchanged) and PtetO6inEGT2,
respectively) while the synthetic PSIC1 has been substituted in both of its native binding
sites (PtetO2inSIC1). The activation curves of PtetO5inEGT2 are informative to shed light
on the effect of one native activator allowed to bind the regulatory sequence indepen-
dently on external induction. This activator could previously modify the structure of
the promoter (e.g. by chromatin remodeling) so that the externally controlled activa-
tors would bind PtetO5inEGT2 differently with respect to PtetO6inEGT2. Moreover, this is
also important to check if the capacity of recruiting specific components involved in the
activation of native EGT2 promoter is conserved in the synthetic fusion proteins used
with this experimental setup.
4.1.3 Results and Discussion
Doxycycline dependent activators were combined with the three target promoters (ac-
tivators were transformed into α-strains while target promoters in A-strains, diploid
strains combining different activator/promoter pairs were then obtained by yeast mat-
ing). The resulting strains were cultivated in the same conditions, exposed to the same
doxycycline concentrations and reporter gene expression was measured by flow cytome-
try (see Fig.16-18).
The resulting dose-response curves indicate different ranges of expression between
the analyzed constructs. Even though two different core promoters can have different
inducibility due to their intrinsic specific properties [101, 102], the comparison between
activation of PtetO2inSIC1 and PtetO6inEGT2 indicates that there is a non-linear relationship
between the number of activators binding a promoter and the dynamical range of its
response with roughly a 10-fold dynamical range for PtetO2inSIC1 and up to 100-fold for
PtetO6inEGT2.
The presence of a weak native activator to PtetO5inEGT2 has the effect of reducing
the dynamical range of its response of about 2/5-fold. However, this is mostly due to
the basal expression level which was raised 10/20-fold with respect to PtetO6inEGT2. This
indicates a unexpectedly strong role played by the remainings of native organization for
the activation of this promoter. Hence, understanding the way fusion proteins mimic
the natural activation process of the EGT2 promoter appears not to be trivial because
first of all, qualitative differences are noticeable by comparing the two versions of the
Swi5p-based fusion proteins, and secondly, the observed effect is not consistent among the
different target promoters tested. Even if functional, the fact that fusion proteins behave
differently between each other is potentially due to their structure. Altered flexibility
or steric hindrance influencing components of the transcriptional machinery could be
reasons that explain why the fusion proteins used here behave differently between each
other in the same promoter context and differently among different promoters.
The quantitative analysis of the data based on non-linear regression fitting to Hill
equation (Eq.47) turned out to be less informative then expected because partially biased
by the measure of Vmax. The value of the maximally attainable output is not clearly
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determinable. Even if the fitted curves are in most cases reaching a plateau at maximal
doxycycline induction, the extrapolated Vmax values can not be considered reliably due
to scarcity of data in the high induction range. It is especially unclear if different
constructs will tend to the same asymptotic value at induction tendent to infinity. This
is a consequence of the fact that in vivo systems preferentially tend to have ranges of
action far from saturation. Differently from in vitro systems, where the level of input
(e.g. enzyme substrate or ligand that binds a receptor) can be raised to almost unlimited
concentrations (except if substrate-induced receptor’s aggregation or unfolding occurs),
doxycycline concentrations higher than 10 µg/ml (= 20 µM) induce toxic effects in
cells. Further, since KD is defined in the Hill equation as to be the x-coordinate value
corresponding to y-coordinate of Vmax/2, its accuracy is subject to the same problem as
for Vmax determination.
As discussed in the section ’The Hill Equation’, despite the fact that the Hill coeffi-
cient nH is devoid of physical meaning and should be considered as a purely empirical
value, its extrapolation by non-linear regression curve fitting to the presented experimen-
tal dose-response data is reliable. The Hill coefficient is a measure of sigmoidicity of the
fitted curve and is commonly associated to the degree of cooperativity of the system. The
data indicate that while the PtetO2inSIC1 shows absence or negative cooperativity with re-
spect to the different activators, a significant difference is observed between PtetO5inEGT2
and PtetO6inEGT2. The presence of a unique native activator binding to PtetO5inEGT2 has
the effect of reducing the cooperativity level compared to PtetO6inEGT2. The observed
effect hints for a change of promoter configuration induced by specific components re-
cruited by the native Swi5p/Ace2p binding independently of external induction. This
change in promoter reactivity potentially relies on a modified accessibility of activators
to other binding sites. A similar argument could explain the values of nH measured in
PtetO5inEGT2 with rtTA, rtetR-NLS-Swi5pABCD, rtetR-Swi5p and rtetR-Ace2p. Size,
disposition and flexibility of fusion proteins’ domains could influence the mechanism of
activator binding. More precisely, it is plausible that the fusion proteins rtetR-Swi5p and
rtetR-Ace2p are less capable of interacting favorably together with the native activator
binding to PtetO5inEGT2 and the recruited specific components compared to rtetR-NLS-
Swi5pABCD. Since rtetR-Swi5p and rtetR-Ace2p are simply consisting of the whole
activator sequence connected to a tetR domain, it’s likely that their positioning along
DNA binding site can be significantly different from the natural situation. This would
result in unfavorable interactions between natural and synthetic activators which would
compromise the process of gene activation and could explain their low Hill coefficients
(compare Fig.16-18). While rtTA is not supposed to undergo gene specific interactions
with native Swi5p/Ace2p due to its extraneous origin, and in addition its reduced size
(335 amino acids) makes steric interactions unlikely, rtetR-NLS-Swi5pABCD could be
a candidate for favorable interaction with native Swi5p/Ace2p in PtetO5inEGT2. Due to
its higher structural similarity to the natural Swi5p compared to rtetR-Swi5p, rtetR-
NLS-Swi5pABCD could fit better the configuration of the promoter bound by a native
activator thereby allowing the occurrence of positive interactions detected by the high-
est measured Hill coefficient (nH = 1.25) (see Fig.17). This is also supported by the
PtetO2inSIC1 curves where rtetR-NLS-Swi5pABCD appears to be the only activator able
of activation through non-negative cooperative binding (see Fig.16). This case could
be an indication of negative steric interactions between activators that would correlate
nH values inversely to activator size (Ace2p is slightly larger than Swi5p, 770 and 709
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amino acids, respectively) and is consistently observed over all three synthetic promoter
measurements (compare Fig.16-18).
The most straightforward interpretation of the results is that native activators bind-
ing to EGT2 promoter have the capacity to alter its state and make it more respon-
sive/accessible to further elements involved in its activation. This finds support by the
values of last induction points (also indicated by Vmax values) and part of the induc-
tion curves of PtetO5inEGT2 having higher expression values than PtetO6inEGT2 (see Fig.17
and Fig.18). A change in promoter configuration mediated by Swi5p/Ace2p such as
acetylases recruitment and consequent loosening of chromatin structure could switch
the EGT2 promoter to a state of higher activity. In contrast, according to this hypoth-
esis, PtetO6inEGT2 would be less accessible because of its higher chromatin condensation
level and thereby each activator binding would contribute to its unloosening facilitating
the subsequent activator binding. This represents a possible reason supporting the large
Hill coefficient values measured for all activators binding to PtetO6inEGT2. Moreover, the
fact that in this case rtTA has highest nH could be due to its small size (335 amino
acids) and consequent facilitated access to the binding sites within chromatin structured
promoter (see Fig.18).
4.1.4 Conclusions
The experiments carried out in this part allowed to gain insights in the study of gene
activation based on synthetic components introduced in living yeast cells. Information
could be obtained about cooperative binding of transcriptional activators to DNA and
how promoters integrate the signal mediated by different activators. It resulted that
context specific effects influencing regulation of the different studied systems are relevant
for converting induction stimuli into genetic responses. This could in effect largely shape
gene activation profiles based on the involved activation domain, and consequently the
differences in the recruited molecular components, as well as the promoter sequence
and the number of activator binding sites contained in it. Binding cooperativity could
thereby influence gene activation profiles and be supported differently as a function of
the different molecular components involved in the process.
The advantage of the genetic approach used in this work consists in taking into
account the in vivo context specificity typically neglected in in vitro experiments. How-
ever, as a consequence of the important role of context specific effects, the use of enzyme
kinetics tools to interpret gene activation curves resulted to be not fully appropriate.
Even though the Hill equation allows to measure the sigmoidicity of the dose-response
curve as a measure of binding cooperativity, the information about response’s dynamical
range and relative expression levels between different promoters as well as activator’s
apparent binding affinity KD could not be retrieved with high reliability. Actually, both
Hill and Adair equations commonly used in enzyme kinetics suppose relatively precise
knowledge of Vmax, which is, as explained earlier, more easily determinable when dealing
with in vitro systems than with in vivo genetic systems. This relies on the fact that
it is not known to what extent single transcriptional activators bound to a promoter
contribute to its activation. As a comparison, if studying enzyme kinetics in vitro we
can make sure that if one isolated subunit of an enzyme has a certain catalytic activ-
ity at saturating substrate concentrations, then the n-meric form of the enzyme under
the same conditions will catalyze n-times the amount of substrate with respect to the
single subunit. This is because such in vitro reactions are characterized by relatively
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Input Mediators: [rtTA ; rtetR-NLS-Swi5pABCD ; rtetR-Swi5p ; rtetR-Ace2p]
PtetO2inSIC1
B Vmax KD nH
rtTA 1.50 23.43 1.38 0.86
rtetR-NLS-Swi5pABCD 1.10 8.70 1.35 1.00
rtetR-Swi5p 1.26 7.36 1.04 0.96
rtetR-Ace2p 1.21 6.88 1.90 0.73
Figure 16: PtetO2inSIC1 driving expression of GFP under control of doxycycline depen-
dent activators (rtTA, rtetR-NLS-Swi5pABCD, rtetR-Swi5p, rtetR-Ace2p). Saturation
dose-response curves as a function of the applied doxycycline concentration are shown
in a graphical representation in the upper plot while the lower table shows the results
of non-linear regression fitting of the curves corresponding to the different constructs.
The datasets were fitted with non-linear regression to Hill equation (Eq.47) to which
a basal expression term (B, corresponding to the expression value measured at zero
doxycycline) has been added and kept fixed during the fitting procedure. The resulting
optimal parameters are reported in the table.
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Input Mediators: [rtTA ; rtetR-NLS-Swi5pABCD ; rtetR-Swi5p ; rtetR-Ace2p]
PtetO5inEGT2
B Vmax KD nH
rtTA 8.02 56.76 0.26 1.05
rtetR-NLS-Swi5pABCD 8.04 24.18 0.06 1.25
rtetR-Swi5p 9.32 22.35 0.21 0.87
rtetR-Ace2p 8.54 23.52 0.31 0.60
Figure 17: PtetO5inEGT2 driving expression of GFP under control of doxycycline depen-
dent activators (rtTA, rtetR-NLS-Swi5pABCD, rtetR-Swi5p, rtetR-Ace2p). Saturation
dose-response curves as a function of the applied doxycycline concentration are shown
in a graphical representation in the upper plot while the lower table shows the results
of non-linear regression fitting of the curves corresponding to the different constructs.
The datasets were fitted with non-linear regression to Hill equation (Eq.47) to which
a basal expression term (B, corresponding to the expression value measured at zero
doxycycline) has been added and kept fixed during the fitting procedure. The resulting
optimal parameters are reported in the table.
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Input Mediators: [rtTA ; rtetR-NLS-Swi5pABCD ; rtetR-Swi5p ; rtetR-Ace2p]
PtetO6inEGT2
B Vmax KD nH
rtTA 0.26 43.35 0.20 1.88
rtetR-NLS-Swi5pABCD 0.35 17.40 0.16 1.59
rtetR-Swi5p 0.32 16.21 0.40 1.43
rtetR-Ace2p 0.28 8.89 0.12 1.34
Figure 18: PtetO6inEGT2 driving expression of GFP under control of doxycycline depen-
dent activators (rtTA, rtetR-NLS-Swi5pABCD, rtetR-Swi5p, rtetR-Ace2p). Saturation
dose-response curves as a function of the applied doxycycline concentration are shown
in a graphical representation in the upper plot while the lower table shows the results
of non-linear regression fitting of the curves corresponding to the different constructs.
The datasets were fitted with non-linear regression to Hill equation (Eq.47) to which
a basal expression term (B, corresponding to the expression value measured at zero
doxycycline) has been added and kept fixed during the fitting procedure. The resulting
optimal parameters are reported in the table.
63
4.1 Context-Dependent Effects on Gene Regulation Results
well known thermodynamic constraints. As explained in the introduction concerning the
hemoglobin example, if one subunit of hemoglobin transports one molecule of oxygen,
the tetrameric hemoglobin molecule will transport four oxygen molecules. In contrast,
if one transcriptional activator binding site, under very strong induction, activates a
promoter such that x RNA molecules are transcribed, then by increasing to n number of
activator binding sites in the promoter will not imply that (n ·x) RNA molecules will be
transcribed. It is actually more realistic to think that upon binding, an activator con-
tributes to the recruitment and assembly of the RNA polymerase II machinery in order
to initiate transcription and that the presence of multiple binding sites in a promoter
simply increases this probability to some extent but most likely not linearly as it is the
case for enzymes where multiple subunits contribute separately.
Hence, the results provided by these studies pointed out certain aspects of gene
regulations that required further investigations. We realized that a new experimental
approach together with appropriate tools to interpret our data were needed to under-
stand in more depth the specific role of multiple binding sites present in gene regulatory
sequences. So, we decided to turn to a more systematic approach mostly focused on
varying the number of activator binding sites in promoters in a way that experimental
outcomes could be analyzed using alternative methods less specific to enzyme kinetics.
The approach adopted in the following sections aims to improve our knowledge regard-
ing gene regulation at the level of the microscopic processes occurring in activator-DNA
interaction in relation to binding cooperativity and at the same time to investigate the
role of promoter specific effects in modulating signal transduction.
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4.2 Systematic Study on the Effect of Multiple Activator Binding Sites
in Promoters
4.2.1 Introduction
In order to access the mechanism of gene regulation concerning cooperative activator
binding to DNA at the molecular interaction level, we developed an additional series
of modulable-control genetic circuits in Saccharomyces cerevisiae. The principle of this
new approach is to systematically increase the number of binding sites in the target
promoter under study. In this way, under same induction conditions and using the
appropriate mathematical tools for data interpretation, the outcome would provide in-
formation about the net effect gained by introduction of multiple activator binding sites.
Moreover, parameters unaccessible in vivo would have smaller influence on the quanti-
tative interpretation of the data.
Synthetically engineered gene modules that interact with a natural selected sub-
system allow to experimentally observe how perturbations affect gene regulation in its
natural context, thereby obtaining helpful information about relevant characteristics of
the studied system [103, 104, 105, 106, 107, 1]. We therefore engineered a new set of gene
modules in order to correlate activation input of gene regulatory sequences to reporter
gene output signal. The the difference between these modules consisted principally of
a variable number of binding sites for a common regulator. Consequently, properties of
different gene modules could be expressed as a function of increasing regulator binding
site number thereby representing an additional variable to describe the studied systems.
In the following sections we define three important categories of experiments based
on the employed components used to characterize the system under study. This catego-
rization (full-synthetic, semi-synthetic and natural systems) is not completely justified
per se because the boundaries that separate the types of systems cannot be delimited
unambiguously. We anyway use this notation accordingly to the following sections for
the purpose of a better sectioning of the experimental design part and for facilitating
understanding.
65
4.2 Systematic Study on the Effect of Multiple Activator Binding Sites in Promoters
Results
4.2.2 Full-Synthetic Systems
Motivation: Both activator and promoter sequence play a role in convert-
ing induction stimuli into genetic response. Externally tunable activators can
be used to gradually activate selected promoters and obtain saturation curves
over a broad range of induction. Activation profiles of different promoters in
relation to multiple activator binding sites would provide information about
non-linearity and mechanisms underlying cooperativity in gene regulation.
Aims: Understand the role of promoter sequences with respect to multiple
activator binding sites and activator binding cooperativity. The influence of
promoter sequences can be studied individually by replacing yeast’s native ac-
tivator binding sites with synthetic activator-operator elements minimally in-
teracting with components of the cellular machinery. Synthetic tet-operators
have been thereby inserted with increasing number in different target promot-
ers aiming to study how different core promoter sequences support variable
number of activator binding sites. Different mathematical tools and assump-
tions provide means to quantitatively interpret such experimental data.
Results: Same input mediated by the same synthetic activator could be de-
coded differently and transduced into diverse gene activation responses based
on the promoter context in which the binding occurs. Certain promoters
support binding cooperativity while for others multiple binding sites enhance
gene expression mainly as a consequence of a statistically favorable activator
binding probability. A common feature among the studied promoters is rep-
resented by an important role played by low order binding events and their
effect on converting promoters into a state of higher reactivity.
We define ’full-synthetic systems’ those systems in which native yeast promoters were
modified and the binding sites for endogenous activators were replaced by tet-operators.
rtTA was used as activator to regulate the promoter under study. In this way the activity
of the promoter of interest could be tuned externally through addition of doxycycline
(proportional to the active rtTA) and the output could be red out by reporter gene
expression (see Fig.19).
We arbitrarily define as full-synthetic the setup of these doxycycline titration experi-
ments for the reason that the molecular partners involved in the binding reaction (rtTA,
tet-operator and doxycycline) are extraneous to the metabolism of yeast. The rtTA–tet-
operators system is in fact composed of bacterial and viral elements that minimally
interact with cellular components of yeast cells. This system can thereby be efficiently
used to regulate selected gene modules and individually focus on the properties of the
core promoter sequence in integrating rtTA mediated inputs, however with the conse-
quence of being poorly representative of the native activation process because of the
missing components potentially recruited by native activators. More precisely, the use
of rtTA could perhaps fail in recruiting particular components because its activation do-
main (VP16) is extraneous of yeast and thereby cannot integrate yeast’s specific signals.
On the other hand, as it will be detailed later, the degree of isolation of full-synthetic
systems with respect to the rest of the cellular machinery has revealed to be of great
advantage for testing the experimental setup proposed in this work as well as for the
interpretation of the resulting data significantly devoid of unspecific effects that typi-
cally characterize in vivo experiments. Moreover, the binding of TetR to tet-operators
has been described in crystallographic studies and has the potential to support binding
cooperativity [108, 52].
We applied this method to study the core promoter region of three different genes:
EGT2 promoter (PEGT2), CYC1 promoter (PCYC1) and GAL1 promoter (PGAL1). The
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binding sites of the respective transcription factors were replaced by blocks of repeti-
tive tet-operators present in variable number in the modified promoter and subsequently
exposed to doxycycline induction gradients. Both the effect of different number of bind-














Figure 19: Principle of full-synthetic system to study the effect of the number of rtTA
binding sites (tet-operators) on gene activation. The number of tet-operators was var-
ied within the same promoter structure (the core promoter sequence was maintained
unchanged) and cells containing the different promoters were exposed to the same in-
duction conditions. In this way the effect of multiple activator binding could be studied
and information about the role of core promoter sequences in interpreting activator
mediated input could be retrieved.
4.2.2.1 System Description
CYC1 gene encodes the isoform 1 of the electron carrier cytochrome c. Its transcrip-
tion is induced by oxygen, heme and lactate, and repressed by glucose. Oxygen response
is mediated by the Hap1p transcription factor binding to one of two upstream activation
sequences in PCYC1. The second binding site is responsible for glucose repression which
is mediated by Mig1p. PCYC1-based constructs used in this section consist in the core
promoter region of the CYC1 gene with different number of tet-operators (tetO2 type)
upstream of the CYC1-TATA region as described in [77].
PEGT2, as explained in the previous section (’Context-Dependent Effects on Gene
Regulation’), drives the expression of a cell cycle regulated endoglucanase. However,
differently from the PEGT2-based constructs used in the section ’Context-Dependent Ef-
fects on Gene Regulation’ (PtetO5inEGT2 and PtetO6inEGT2) where the binding sites for
the native regulators were substituted with tet-operators according to their natural dis-
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position, here we simply maintained the EGT core promoter structure (192 bp upstream
of the EGT2 start codon) and inserted blocks of repetitive tet-operators (tetO1 type)
obtained synthetically.
The GAL1 promoter (PGAL1) controls the expression of the galactokinase involved
in the metabolism of galactose. Together with other genes of the galactose metabolism
network (GAL1, GAL10, GAL7, GAL2 ), it integrates signals mainly mediated by Gal4p,
Gal80p and Gal3p to regulate genetic response to carbohydrates. PGAL1 contains four
binding sites at close distance for the transcriptional activator Gal4p which were replaced
by tet-operators (tetO2 type) (see Fig.20). The operators that were not replaced by tet-
operators in construct with less than 4 replacements were mutated in their consensus
sequence thus abolishing Gal4p binding (CGG[N ]11CCG→ GCC[N ]11GGC).
The engineered systems containing tet-operators were activated by rtTA, whose ex-
pression was driven by the constitutive cycline 3 promoter (PCLN3) and doxycycline used
















Figure 20: Replacements of native Gal4p binding sites by tet-operators in PGAL1.
Construct with less than 4 replacements were mutated in their consensus sequence
(CGG[N ]11CCG→ GCC[N ]11GGC) which abolishes Gal4p binding (indicated by black
crosses).
4.2.2.2 Data Interpretation Using the Hill Function
The full-synthetic method applied to the three different promoter systems (PtetOinCYC1,
PtetOinEGT2, PtetOinGAL1) clearly indicated a determining role of core promoter sequences
in decoding signals mediated by a common activator. Comparing Fig.21,23,24 one im-
mediately notices qualitative differences, especially in the way core promoters integrate
signals mediated by a different number of activator binding sites.
Surprisingly, experimentally measured cooperativity showed quite substantial dif-
ferences between the three analyzed systems indicating that the capacity of promoter
sequences to modulate activator binding cooperativity doesn’t depend on the properties
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of the activator only but also on the target DNA sequence where it binds. Even if the
activator used, rtTA, is not supposed to induce gene specific effects, the simple ’genetic
environment’ represented by the core promoter sequence was sufficient to determine
different modes of gene activation. This reveals that promoter sequences play a very
important role in interpreting activator mediated signals and are largely responsible for
the emergence of complex mechanisms such as cooperativity in activator binding.
In PtetOinCYC1 system (Fig.21), the degree of cooperativity measured by the Hill
numbers strongly increases correlated to operator number. The Hill coefficient indicates
negative cooperativity in the single operator construct, positive cooperativity with two
and strong cooperativity with seven operators. The fact that systems with single activa-
tor binding sites display measured Hill coefficients different than one is common in situ-
ations were there are spatial heterogeneities which is the case for cellular environments.
The present case of apparent negative cooperativity for single binding site constructs
can rely on restricted promoter accessibility (e.g. a promoter switching between active
and inactive states).
In contrast to PtetOinCYC1, low cooperativity has been measured in PtetOinEGT2 system
(Fig.23). By methodically incrementing the number of rtTA binding sites from one to
five the resulting cooperativity increases from negative to weakly positive. In addition
to vary the number of activator binding sites in the EGT2 core promoter, the spatial
binding configuration of rtTA to its binding sites has also been investigated. It has been
shown and discussed how the three dimensional orientation of DNA binding proteins can
have an influence on their binding mode [7, 109]. DNA binding site sequences spaced
by 6 bp result in activators binding to opposite sites of the DNA helix. The protein-
protein interaction that could potentially underly the effect of binding cooperativity
would thereby be lost. If instead the binding site sequences are spaced by 10 bp then
activators would bind the same side of the DNA helix on neighboring DNA helical turns
thereby being in the same helical phasing (see Fig.22). This three dimensional binding
configuration allows potential interaction between activators (e.g. protein-protein cross
stabilization). The PtetOinEGT2 series of promoters was made with tet-operators out of
helical phasing. In order to verify that the low cooperativity measured with PtetOinEGT2
system was not caused by the disruption of stabilizing or favorable contacts between
adjacently bound rtTA molecules, the spacer distance has been increased in the two-
operator construct from 6 bp to 10 bp (dashed black line, Fig.23) allowing activators
to bind on same helical turns and to be compared to the corresponding construct out
of helical phasing (red line, Fig.23). Visibly, helical phasing didn’t influence positively
activation of PtetO2inEGT2, excluding protein-protein direct interaction as a cause for
binding cooperativity.
Further, a crossing point between saturation curves with multiple and single activator
binding sites is present in all receptor constructs, however, in the first case (PtetOinCYC1,
Fig.21) a very pronounced crossing is noticeable. The set of curves shown in Fig.21 hints
for a graded curve distortion as a function of the number of activator binding sites: At
low induction, the curves have a consistently higher activation level inversely propor-
tional to the number of activator binding sites they contain while at higher induction
the curve’s trend inverts and gene expression correlates with number of binding sites.
Moreover, the system appears to be limited: The number of binding sites introduced
in the CYC1 core promoter can enhance gene activation and increase sensitivity up to
a certain level only, indicating that increasing the number of binding sites cannot po-
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Hill Equation Fitting to P
tetOinCYC1-System
Saturation Curves of Variable Number of tet-Operators
PtetOinCYC1
B Vmax KD nH
tetO1 9.08·10−3 0.49 13.11 0.75
tetO2 5.32·10−3 0.61 1.01 1.24
tetO7 2.71·10−3 0.91 0.10 2.12
Figure 21: Different number of tet-operators in PCYC1 driving expression of GFP under
control of doxycycline dependent activator rtTA. The upper plot shows the graphi-
cal representation of the activation of target promoters containing variable number of
tet-operators. The promoters are activated by rtTA and the saturation curves are rep-
resented as a function of the applied doxycycline concentration (proportional to the
active rtTA). Expression values have been normalized to their maximal value. The re-
sulting saturation curves were fitted with non-linear regression to the Hill equation and
the extrapolated optimal parameters corresponding to the different constructs shown in
the lower table (tetO1, tetO2, tetO7 means that there are 1,2 and 7 operators in the
PtetOinCYC1 construct, respectively). The datasets were fitted with non-linear regression
to Hill equation (Eq.47) to which a basal expression term (B, corresponding to the ex-
pression value measured at zero doxycycline) has been added and kept fixed during the
fitting procedure.
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Figure 22: Schematic representation of DNA structural implications for regulators bind-
ing in different helical phasing. 10 bp spacing between binding sites causes activator to
bind in helical phase (neighboring helical turns, same side of DNA helix) facilitating
potential protein-protein interactions (black arrow). 6 bp spacing between binding sites
causes activator to bind out of helical phase (opposite helical turns, opposite side of
DNA helix) hindering potential protein-protein interactions.
tentiate activation over a certain threshold. The promoter containing seven activator
binding sites appears to delimitate the maximal level of activation of the PtetOinCYC1 sys-
tem on one hand and system’s sensitivity on the other hand. The maximal expression
reached by this construct could in effect be determined reliably due to sufficient data
in the saturating region. However, it is not clear to what maximal expression level the
construct with one and two binding sites tend to. Due to the low amount of data points
in their saturating region, it’s hard to decide if assuming a common asymptotic limit
for the three different constructs is justified. For the weaker constructs (PtetO1inCYC1
and PtetO2inCYC1) it is also difficult to interpret Vmax values from non-linear regression
analysis, according to which PtetO1inCYC1 and PtetO2inCYC1 asymptotically reach roughly
50% and 70% of PtetO7inCYC1’s maximal activation, respectively. The boundaries of the
PtetOinCYC1 system are also suggested by the apparent dissociation constant KD which
decreases roughly 10-fold (reflecting saturation curves shifting to lower induction range)
by doubling the number of binding sites from one to two, and decreases further again
by 10-fold but this time with a binding site number increasing from two to seven. This
means that the sensitivity of the system is limited in a similar fashion like its expression.
Activation of PtetOinCYC1 system shows that differently from enzymatic systems
where, as mentioned previously, a linear relation connects number of bound substrate
molecules to converted product and hence to enzymatic activity, genes are not neces-
sarily expressed proportionally to the number of activators bound to their promoters.
This non-linear relationship connecting activator binding site number and gene expres-
sion level is also observable in PtetOinEGT2 system (Fig.23). Another similarity between
PtetOinCYC1 and PtetOinEGT2 system is that with more than three activator binding sites
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Hill Equation Fitting to P
tetOinEGT2-System
Saturation Curves of Variable Number of tet-Operators
PtetOinEGT2
B Vmax KD nH
tetO1 5.50·10−2 0.57 29.62 0.69
tetO2 4.98·10−2 0.54 2.99 0.97
tetO2 in phase 4.24·10−2 0.71 6.84 0.80
tetO3 4.81·10−2 0.79 1.84 1.15
tetO4 5.85·10−2 0.82 0.93 1.16
tetO5 5.29·10−2 0.93 0.74 1.16
Figure 23: Different number of tet-operators in PEGT2 driving expression of GFP under
control of doxycycline dependent activator rtTA. The upper plot shows the graphical
representation of the activation of target promoters containing variable number of tet-
operators. The promoters are activated by rtTA and the saturation curves are repre-
sented as a function of the applied doxycycline concentration (proportional to the active
rtTA). The dashed line accounts for a distinct activator binding configuration where the
activators bind on the same helical turn of the DNA (tetO2 in phase), thereby being
at closer proximity with respect to the configuration in which they bind on opposite
sides of the DNA helix (see Fig.22). Error bars are calculated with standard error of
the mean from three experiments and expression values are normalized to their maximal
value. The resulting saturation curves were fitted with non-linear regression to the Hill
equation (Eq.47) to which a basal expression term (B, corresponding to the expression
value measured at zero doxycycline) has been added and kept fixed during the fitting
procedure. The extrapolated optimal parameters corresponding to the different con-
structs are shown in the lower table (tetO1-tetO5 means that there are 1-5 operators in
the PtetOinEGT2 construct).
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the system response changes very slightly compared to differences implied by a variable
binding site number between one and three. While the Hill coefficients do not increase
significantly further after a limit represented by the construct containing three operators,
differences in KD values between constructs containing n binding sites and constructs
with n+ 1 binding sites decrease with increasing n, indicating a limit in gene response’s
sensitivity. In other words, by increasing number of operators from n to n+1, saturation
curves shift to lower induction range. The larger n the weaker the shift.
The crossing point between single and multiple operators is a common feature shared
between PtetOinCYC1 and PtetOinEGT2 and is also present in PtetOinGAL1 (see Fig.24). This
characteristic was consistent among all three constructs and is due to the large expression
values at low induction ranges typical of single tet-operator constructs. This feature is
especially relevant in the context of small regulatory networks and the role of basal
expression for stochastic transitions in bistable systems (see ’Part III’). In contrast,
PtetOinGAL1 showed a different behavior with respect to the other constructs regarding
the apparently absent upper bound delimiting maximal expression reachable by the
system (at least up to four binding sites). From two to four binding sites the equal
spacing between saturation curves suggests that this system behaves more similarly to
enzymatic systems than the two other ones. PtetOinGAL1 presents similarity to enzymatic
systems also because its maximal expression was reached at maximal induction. With
exception to the single operator construct, expression values are scaled proportionally to
the number of operators. However, the striking particularity of this system relies on the
qualitative difference observable between single and multiple binding site constructs.
Interestingly, the data showed that the addition of a second activator binding site to
the system principally influences the responsiveness of the promoter by making it more
reactive at low induction ranges (mainly a large KD shift to lower values). This reveals
unexpected mechanism that can convert a linearly increasing variable such as the number
of activator binding sites into a complex response pattern capable of displaying non-linear
changes in the mode of activation. Hence, the saturation curves of this system displayed
hybrid features common to both gene and enzyme based systems.
The results evaluated with Hill fitting indicated an important role played by low
order binding events as a common feature between all the analyzed promoter systems.
We consequently applied a different mathematical tool to interpret the same datasets.
This allowed us to obtain more precise information about the quantitative contribution
provided by each different binding event.
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Hill Equation Fitting to P
tetOinGAL1-System
Saturation Curves of Variable Number of tet-Operators
PtetOinGAL1
B Vmax KD nH
tetO1 2.07·10−3 8.05·10−2 0.38 1.17
tetO2 -3.69·10−4 8.98·10−2 6.12·10−2 1.38
tetO3 6.22·10−4 0.26 3.23·10−2 1.65
tetO4 3.50·10−3 0.82 2.22·10−2 1.78
Figure 24: Different number of tet-operators in PGAL1 driving expression of LacZ un-
der control of doxycycline dependent activator rtTA. Here the natural binding sites
for Gal4p have been replaced by tet-operators (see Fig.20). The upper plot shows the
graphical representation of the activation of target promoters containing variable num-
ber of tet-operators. The promoters are activated by rtTA and the saturation curves
are represented as a function of the applied doxycycline concentration (proportional to
the active rtTA). Error bars are calculated by standard deviation from two experiments
and expression values are normalized to their maximal value. The resulting saturation
curves were fitted with non-linear regression to the Hill equation (Eq.47) to which a
basal expression term (B, corresponding to the expression value measured at zero doxy-
cycline) has been added and kept fixed during the fitting procedure. The extrapolated
optimal parameters corresponding to the different constructs are shown in the lower
table (tetO1-tetO4 means that 1-4 tet-operators are replacing native activator binding
sites in the PtetOinGAL1 construct, according to Fig.20).
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4.2.2.3 Data Interpretation Using the Adair Equation
4.2.2.3.1 Sequential Non-linear Curve Fitting
The same datasets have been analyzed with help of Adair equations (enzyme-kinetics-
Adair equation (Eq.31) and gene-regulation-Adair equation (Eq.38)). The fitting proce-
dure has revealed not to be trivial because subject to overfitting. The major problem
was however to be able to discern between the Adair equations the one that suites best
the different datasets. Actually it is not clear if the systems described in this section
are more efficiently represented being treated as enzymes (with different Vmax values for
constructs with variable number of binding sites) or to consider that single and multiple
activators have common activation potential (with same Vmax values for constructs with
variable number of binding sites).
We first used a sequential approach to fit our experimental data obtained by ex-
posing constructs of variable operator number to doxycycline gradients. Within a set
of promoter constructs with increasing number of tet-operators, we iteratively extrap-
olated binding parameters that were kept fixed for next fitting procedure. Actually,
Adair equation for n + 1 binding sites contains one more term that describes the last
binding step in the series of n steps and also one additional unknown parameter with
respect to the one for n binding sites. Since Adair equations assume conserved effects
of bound activators on subsequent binding events, promoter constructs with increasing
number of tet-operators can principally be used for sequential non-linear regression fit-
ting with a single unknown parameter at a time. This would in fact reduce the risk of
overfitting typical when dealing with equations consisting of many unknown parameters,
but with the drawback of propagating errors through the datasets. The single operator
construct was thereby used to extrapolate the parameter describing the first binding
event. Since no binding cooperativity issues are considered in a binding process involv-
ing single ligands, systems with one activator binding sites provide information related
to the binding affinity (K) of rtTA–tet-operator in the particular context represented
by the promoter in which the binding occurs. The binding affinity K for the first acti-
vator binding is considered maintained and subsequent binding is influenced by a factor
c1, so fitting the Adair equation for two binding sites optimizes the best-fit value of c1
assuming K constant. Similarly, the extrapolated c1 value is held constant for fitting
data of the construct containing three tet-operators and c2 value is optimized for best
non-linear curve fitting and so on. Due to problems in determining the expression range
of different constructs, an additional variable parameter (S), acting as a scaling factor,
multiplies the Adair equation in order to scale its output range. A second variable pa-
rameter (B) is further added to the equation to account for basal expression. Optimally
fitting equations were further used to compute logarithmic sensitivity and the maximum
point of the resulting function reported with the notation maxx(ε) and maxy(ε) indicat-
ing its coordinates corresponding to induction point and extent of maximal logarithmic
sensitivity, respectively.
As it can be seen in Fig.27-30, the most relevant contributions in terms of promoter
activation are encountered by adding operators to promoters containing few binding
sites. The major contribution in PtetOinGAL1 and PtetOinEGT2 system results to be due to
the second binding event, even if the differences for the latter case are less pronounced.
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Further, the PtetOinCYC1 system has also been analyzed (only partially, since the the iter-
ative fitting procedure couldn’t be applied between constructs of two and seven binding
sites) (see Fig.25-26). The extrapolated values for this construct are roughly situated
in between the two other ones. The apparent affinity measured by K indicates in-
creasing activator binding strength in the following order: PtetOinEGT2 < PtetOinCYC1 <
PtetOinGAL1. PtetOinGAL1 being about ten times stronger and PtetOinCYC1 twice as strong
as PtetOinEGT2. Moreover, in PtetOinCYC1 the enhancement factor for the second bind-
ing increases about 10/15-fold its apparent affinity with respect to the first, while for
PtetOinEGT2 about 2/10-fold and for PtetOinGAL1 around 200-fold.
An important issue concerning the fitting procedure described in this section is re-
vealed in Fig.26 where the same dataset has been fitted with two differently seeded
non-linear regression procedures. The fitting algorithm consists in fact of iteratively
improving the fitted function by varying parameters initially guessed up to a point of
sufficient accuracy with respect to the dataset (Levenberg-Marquardt algorithm). This
shows that even for relatively small equations (Adair equation for two binding sites)
and few parameters, the choice of initial parameters can result in significantly evaluated
parameters being trapped in local suboptimal points of the parameter space. In other
words, the choice of two different initial guesses for the fitting procedures can give rise
to divergent outcomes. This inconvenience can results in a drastic divergence between
fitted datasets (compare dashed and continuous red lines in Fig.26) pointing out the high
sensitivity of the approach. Furthermore, this could bias data interpretation especially
in case of the iterative fitting procedure used here where parameters are extrapolated
first and kept constant for the subsequent dataset analysis. Moreover, fitting data of
multiple binding sites systems is especially problematic because the many terms compos-
ing their functions can compensate for parameters that were misestimated in previous
fitting steps inducing error propagation through the whole dataset analysis.
The problem of suboptimal solutions remains anyway minimal when fitting datasets
of low binding site number. In this case in fact a few trials of initial guesses can ensure
that the system converges to same optimal solutions with most of the initially guessed
parameters. In contrast, higher order terms present in the Adair equation formulated
for many binding sites cause strong parameter cross compensation. Consequently, the
higher order parameters evaluated in the fitting procedure result highly insignificant and
can assume almost any value without having consequences for the outcome of the fitting.
Any of these curves, even if subject to overfitting, can anyway be used to compute the
logarithmic derivative and thereby being interpreted according to the point of maximal
sensitivity. Even if such results are of lower informational content about the underlying
physical process than Adair equations parameters, the method resulted to be consistent
among different datasets and assumptions related to the function used for fitting as well
as towards problems of local minima trapping.
An alternative in attempt to improve understanding of the analyzed datasets, though
without solving the overfitting problems, is to avoid potential error propagation due to
the cross influence between datasets consequent of the iterative procedure used in this
section and carry out a fitting procedure by setting free all parameters defining each
curve of the different systems.
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Gene-Regulation-Adair Fitting to P
tetOinCYC1-System
Saturation Curves of Variable Number of tet-Operators
PtetOinCYC1
S B K c1 maxx(ε) maxy(ε)
tetO1 0.27 1.03 · 10−2 0.32 0.60 0.68
tetO2 0.49 5.31 · 10−3 0.32 9.72 0.24 0.99
Figure 25: PtetOinCYC1 sequential fitting to gene-regulation-Adair equation (Eq.38). The
fitting procedure is carried out by sequentially determining binding parameters that are
kept fixed for successive fitting. K represents the apparent affinity of the rtTA to tet-
operators (considered to be an association binding constant). c1 is the enhancement
factor that modulates second binding (positively in this case). maxx(ε) and maxy(ε)
indicate the coordinates of the induction point of maximal sensitivity according to the
corresponding fitted function. A basal expression term B added to the Adair equation,
and a scaling factor S that multiplies it are additional free parameters used during the
fitting procedure. The resulting optimal parameters are reported in the table.
77
4.2 Systematic Study on the Effect of Multiple Activator Binding Sites in Promoters
Results




















Enzyme-Kinetics-Adair Fitting to P
tetOinCYC1-System
Saturation Curves of Variable Number of tet-Operators
PtetOinCYC1
S B K c1 maxx(ε) maxy(ε)
tetO1 0.27 1.03 · 10−2 0.32 0.60 0.68
tetO2A 0.58 4.99 ·10−3 0.32 0.11 0.15 0.84
tetO2B 0.29 6.28 ·10−3 0.32 15.80 0.25 1.18
Figure 26: PtetOinCYC1 sequential fitting to enzyme-kinetics-Adair equation (Eq.31).
The fitting procedure is carried out by sequentially determining binding parameters that
are kept fixed for successive fitting. K represents the apparent affinity of the rtTA to
tet-operators (considered to be an association binding constant). c1 is the enhancement
factor that modulates second binding. maxx(ε) and maxy(ε) indicate the coordinates
of the induction point of maximal sensitivity according to the corresponding fitted func-
tion. A basal expression term B added to the Adair equation, and a scaling factor S that
multiplies it are additional free parameters used during the fitting procedure. The re-
sulting optimal parameters are reported in the table. Continuous and dashed red curves
(tetO2A and tetO2B, respectively) represent the same dataset for rtTA binding to two
tet-operators in which the initial guesses seeding the fitting procedure are different. This
emphasizes the risk of potential local optimum trapping during fitting.
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Gene-Regulation-Adair Fitting to P
tetOinEGT2-System
Saturation Curves of Variable Number of tet-Operators
PtetOinEGT2
S B K c1 c2 c3 c4 maxx(ε) maxy(ε)
tetO1 0.30 6.06 ·10−2 0.17 2.41 0.42
tetO2 0.46 5.33 ·10−2 0.17 2.06 1.05 0.56
tetO2 in phase 0.48 4.71 ·10−2 0.17 0.41 0.92 0.56
tetO3 0.65 4.52 ·10−2 0.17 2.06 1.29 0.61 0.70
tetO4 0.78 6.13 ·10−2 0.17 2.06 1.29 2.36 · 10−5 0.50 0.70
tetO5 0.88 5.58 ·10−2 0.17 2.06 1.29 2.36 · 10−5 1 (any value) 0.37 0.74
Figure 27: PtetOinEGT2 sequential fitting to gene-regulation-Adair equation (Eq.38). The
fitting procedure is carried out by sequentially determining binding parameters that are
kept fixed for successive fitting. K represents the apparent affinity of the rtTA to tet-
operators (considered to be an association binding constant). ci is the enhancement
factor that modulates ith binding. tetO2 in phase represents a construct in which the
activator binding sites are spaced in a way to allow closer contact to adjacent rtTA
bound to the DNA. Higher order parameters determined for constructs with more than
two binding sites are degenerated. maxx(ε) and maxy(ε) indicate the coordinates of the
induction point of maximal sensitivity according to the corresponding fitted function. A
basal expression term B added to the Adair equation, and a scaling factor S that mul-
tiplies it are additional free parameters used during the fitting procedure. The resulting
optimal parameters are reported in the table.
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Enzyme-Kinetics-Adair Fitting to P
tetOinEGT2-System
Saturation Curves of Variable Number of tet-Operators
PtetOinEGT2
S B K c1 c2 c3 c4 maxx(ε) maxy(ε)
tetO1 0.30 6.06 ·10−2 0.17 2.41 0.42
tetO2 0.22 5.87·10−2 0.17 9.59 1.02 0.72
tetO2 in phase 0.30 5.04·10−2 0.17 1.84 1.58 0.63
tetO3 0.29 5.32·10−2 0.17 9.59 9.9·10−2 0.56 0.86
tetO4 0.33 6.99·10−2 0.17 9.59 9.9·10−2 5.81 · 10−5 0.41 0.85
tetO5 0.36 6.30·10−2 0.17 9.59 9.9·10−2 5.81 · 10−5 1 (any value) 0.31 0.90
Figure 28: PtetOinEGT2 sequential fitting to enzyme-kinetics-Adair equation (Eq.31).
The fitting procedure is carried out by sequentially determining binding parameters
that are kept fixed for successive fitting. K represents the apparent affinity of the rtTA
to tet-operators (considered to be an association binding constant). ci is the enhance-
ment factor that modulates ith binding. tetO2 in phase represents a construct in which
the activator binding sites are spaced in a way to allow closer contact to adjacent rtTA
bound to the DNA. Higher order parameters determined for constructs with more than
two binding sites are degenerated. maxx(ε) and maxy(ε) indicate the coordinates of the
induction point of maximal sensitivity according to the corresponding fitted function. A
basal expression term B added to the Adair equation, and a scaling factor S that mul-
tiplies it are additional free parameters used during the fitting procedure. The resulting
optimal parameters are reported in the table.
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Gene-Regulation-Adair Fitting to P
tetOinGAL1-System
Saturation Curves of Variable Number of tet-Operators
PtetOinGAL1
S B K c1 c2 c3 maxx(ε) maxy(ε)
tetO1 8.96·10−2 1.93·10−3 1.70 8.54·10−2 0.75
tetO2 6.71·10−2 4.54·10−9 1.70 188.51 1.06·10−2 1.49
tetO3 0.21 5.81·10−4 1.70 188.51 4.08 · 10−8 6.83·10−3 1.48
tetO4 0.63 3.10·10−3 1.70 188.51 4.08 · 10−8 1 (any value) 5.15·10−3 1.46
Figure 29: PtetOinGAL1 sequential fitting to gene-regulation-Adair equation (Eq.38).
The fitting procedure is carried out by sequentially determining binding parameters
that are kept fixed for successive fitting. K represents the apparent affinity of the
rtTA to tet-operators (considered to be an association binding constant). ci is the
enhancement factor that modulates ith binding. Higher order parameters determined
for constructs with more than two binding sites are degenerated. maxx(ε) and maxy(ε)
indicate the coordinates of the induction point of maximal sensitivity according to the
corresponding fitted function. A basal expression term B added to the Adair equation,
and a scaling factor S that multiplies it are additional free parameters used during the
fitting procedure. The resulting optimal parameters are reported in the table.
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Enzyme-Kinetics-Adair Fitting to P
tetOinGAL1-System
Saturation Curves of Variable Number of tet-Operators
PtetOinGAL1
S B K c1 c2 c3 maxx(ε) maxy(ε)
tetO1 8.96·10−2 1.93·10−3 1.70 8.54·10−2 0.75
tetO2 3.7·10−2 1.4·10−6 1.70 247.53 7.88·10−3 1.66
tetO3 9.02·10−2 6.21·10−4 1.70 247.53 3.65·10−2 5.98·10−3 1.64
tetO4 0.23 3.47 ·10−3 1.70 247.53 3.65·10−2 3.15 4.94·10−3 1.61
Figure 30: PtetOinGAL1 sequential fitting to enzyme-kinetics-Adair equation (Eq.31).
The fitting procedure is carried out by sequentially determining binding parameters
that are kept fixed for successive fitting. K represents the apparent affinity of the
rtTA to tet-operators (considered to be an association binding constant). ci is the
enhancement factor that modulates ith binding. Higher order parameters determined
for constructs with more than two binding sites are degenerated. maxx(ε) and maxy(ε)
indicate the coordinates of the induction point of maximal sensitivity according to the
corresponding fitted function. A basal expression term B added to the Adair equation,
and a scaling factor S that multiplies it are additional free parameters used during the
fitting procedure. The resulting optimal parameters are reported in the table.
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4.2.2.3.2 Global Non-linear Curve Fitting of Single Datasets
An alternative to the analysis carried out in the previous section is to globally fit
single datasets without fixing any parameters from other curves and by constraining pa-
rameters of the fitted function to assume positive (physically relevant) values. To verify
that Adair equation analysis presented in the previous section was not strongly suffering
local minima trapping of low binding site constructs’ fitting, with the implied error prop-
agation consequences, we repropose the same analysis attempting to perform non-linear
curve fitting by extrapolating all parameters at once for each system. This allows to
check agreement with respect to the analysis performed in the previous section and as-
sesses error propagation effects related to it but has the disadvantage of being even more
prone to overfitting since a larger number of parameters is varied. Consequently, this
analysis is only reliable with constructs containing maximally three binding sites, oth-
erwise the fitting procedure degenerates and the variable parameters cross compensate
becoming independent on the fitting procedure (the values that higher order parameters
can assume range very widely without affecting the fitting).
With this approach we obtained for each curve a different measure of the same pa-
rameter, which could be compared to the unique value measured in the sequential fitting
approach. It can be noticed that the set of apparent affinities K measured here within
the same system displays values that can be more or less similar to the ones measured in
the previous section depending on the Adair equation type used for fitting. In general,
with respect to the sequential fitting approach, K values are consistently overestimated
using enzyme-kinetics-Adair equation and underestimated using gene-regulation-Adair
equation. Actually, if the K values measured by the two approaches are reasonably
matching regarding the PtetOinCYC1 system (compare Fig.25/26 with Fig.31/32), for the
two other promoters a difference can be observed depending on the assumption made
to fit the dataset (which type of Adair equation is used). Interestingly, using gene-
regulation-Adair equation for fitting curves of the PtetOinEGT2 constructs and enzyme-
kinetics-Adair equation for fitting curves of the PtetOinGAL1 constructs consistently cor-
responds to the K measures resulting from sequential fitting. (compare Fig.27/28 with
Fig.33/34 and Fig.29/30 with Fig.35/36). This supports the earlier statements accord-
ing to which PtetOinGAL1 system shares more features typical of enzymatic systems than
PtetOinEGT2, the latter exhibiting a behavior more representative to the assumption made
when deriving gene-regulation-Adair equation.
By comparing global and sequential fitting analysis, it results that both fitting pro-
cedures are in relative good agreement concerning apparent binding affinities and en-
hancement factors of first activator binding events. The sensitivity range of different
constructs can be determined quite reliably in accord to the outcome presented in the
previous section. The broadest dynamical range of activation determined by the appar-
ent rtTA–tet-operator affinity situates PtetOinCYC1 and PtetOinGAL1 systems at activation
ranges 2-fold and 10-fold more concentration sensitive with respect to the PtetOinEGT2,
respectively (compare Fig.25/26 with Fig.27/28 and Fig.29/30 from sequential fitting
as well as Fig.31/32 with Fig.33 and Fig.36 from global fitting of single datasets). For
all promoter systems the first binding event represents the most important contribution
to enhance further activator binding. This effect could be quantified and revealed a
different contribution of the first binding to enhance the second among the studied pro-
moter systems. The major binding enhancement was measured for PtetOinGAL1 where
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200/250-fold higher apparent affinity resulted as a consequence of strong cooperativity
between the two first binding activators (see Fig.30,36). The corresponding binding site
affinity enhancement for PtetOinEGT2 and PtetOinCYC1 was about 2-fold and 10/20-fold,
respectively (see Fig.27,33 and Fig.25/26,31/32, respectively).



















Gene-Regulation-Adair Fitting to P
tetOinCYC1-System
Saturation Curves of Variable Number of tet-Operators
PtetOinCYC1
S B K c1 maxx(ε) maxy(ε)
tetO1 0.27 1.03 ·10−2 0.32 0.60 0.68
tetO2 0.55 5.87 ·10−3 0.22 21.68 0.28 1.09
Figure 31: PtetOinCYC1 single dataset fitting to gene-regulation-Adair equation (Eq.38).
The fitting procedure is carried out by varying all binding parameters for each curve
separately. The variable parameters are restricted to be greater than zero. K represents
the apparent affinity of the rtTA to tet-operators (considered to be an association binding
constant). c1 is the enhancement factor that modulates second binding (positively in this
case). maxx(ε) and maxy(ε) indicate the coordinates of the induction point of maximal
sensitivity according to the corresponding fitted function. A basal expression term B
added to the Adair equation, and a scaling factor S that multiplies it are additional
free parameters used during the fitting procedure. The resulting optimal parameters are
reported in the table.
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Enzyme-Kinetics-Adair Fitting to P
tetOinCYC1-System
Saturation Curves of Variable Number of tet-Operators
PtetOinCYC1
S B K c1 maxx(ε) maxy(ε)
tetO1 0.27 1.03 ·10−2 0.32 0.60 0.68
tetO2 0.28 5.92·10−3 0.41 8.87 0.24 1.10
Figure 32: PtetOinCYC1 single dataset fitting to enzyme-kinetics-Adair equation (Eq.31).
The fitting procedure is carried out by varying all binding parameters for each curve
separately. The variable parameters are restricted to be greater than zero. K represents
the apparent affinity of the rtTA to tet-operators (considered to be an association binding
constant). c1 is the enhancement factor that modulates second binding (positively in this
case). maxx(ε) and maxy(ε) indicate the coordinates of the induction point of maximal
sensitivity according to the corresponding fitted function. A basal expression term B
added to the Adair equation, and a scaling factor S that multiplies it are additional
free parameters used during the fitting procedure. The resulting optimal parameters are
reported in the table.
85






















Gene-Regulation-Adair Fitting to P
tetOinEGT2-System
Saturation Curves of Variable Number of tet-OperatorsP
PtetOinEGT2
S B K c1 c2 maxx(ε) maxy(ε)
tetO1 0.30 6.06·10−2 0.17 2.41 0.42
tetO2 0.46 5.23·10−2 0.18 1.41 0.98 0.57
tetO3 0.73 4.77·10−2 0.13 2.80 7.07 · 10−4 0.72 0.71
tetO2 in phase 0.53 4.80·10−2 0.14 0.32 1.07 0.57
Figure 33: PtetOinEGT2 single dataset fitting to gene-regulation-Adair equation (Eq.38).
The fitting procedure is carried out by varying all binding parameters for each curve
separately. The variable parameters are restricted to be greater than zero. K represents
the apparent affinity of the rtTA to tet-operators (considered to be an association bind-
ing constant). ci is the enhancement factor that modulates i
th binding. tetO2 in phase
represents a construct in which the activator binding sites are spaced in a way to allow
closer contact to adjacent rtTA bound to the DNA. maxx(ε) and maxy(ε) indicate the
coordinates of the induction point of maximal sensitivity according to the correspond-
ing fitted function. A basal expression term B added to the Adair equation, and a
scaling factor S that multiplies it are additional free parameters used during the fitting
procedure. The resulting optimal parameters are reported in the table. Systems with
more than two activator binding sites are subject of overfitting and the corresponding
values can be more or less degenerated. Up to three activator binding sites the retrieved
parameters have relatively small excursion range, with higher binding sites number the
fitting is totally degenerated and extrapolated parameters heavily cross compensate each
other.
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Enzyme-Kinetics-Adair Fitting to P
tetOinEGT2-System
Saturation Curves of Variable Number of tet-OperatorsP
PtetOinEGT2
S B K c1 c2 maxx(ε) maxy(ε)
tetO1 0.30 6.06·10−2 0.17 2.41 0.42
tetO2 0.25 5.23·10−2 0.34 1.41 0.89 0.56
tetO3 0.38 4.80·10−2 0.24 1.95 1.07 · 10−2 0.63 0.72
tetO2 in phase 0.30 4.73·10−2 0.27 0.68 0.95 0.54
Figure 34: PtetOinEGT2 single dataset fitting to enzyme-kinetics-Adair equation (Eq.31).
The fitting procedure is carried out by varying all binding parameters for each curve
separately. The variable parameters are restricted to be greater than zero. K represents
the apparent affinity of the rtTA to tet-operators (considered to be an association bind-
ing constant). ci is the enhancement factor that modulates i
th binding. tetO2 in phase
represents a construct in which the activator binding sites are spaced in a way to allow
closer contact to adjacent rtTA bound to the DNA. maxx(ε) and maxy(ε) indicate the
coordinates of the induction point of maximal sensitivity according to the correspond-
ing fitted function. A basal expression term B added to the Adair equation, and a
scaling factor S that multiplies it are additional free parameters used during the fitting
procedure. The resulting optimal parameters are reported in the table. Systems with
more than two activator binding sites are subject of overfitting and the corresponding
values can be more or less degenerated. Up to three activator binding sites the retrieved
parameters have relatively small excursion range, with higher binding sites number the
fitting is totally degenerated and extrapolated parameters heavily cross compensate each
other.
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Gene-Regulation-Adair Fitting to P
tetOinGAL1-System
Saturation Curves of Variable Number of tet-Operators
PtetOinGAL1
S B K c1 c2 c3 maxx(ε) maxy(ε)
tetO1 8.96·10−2 1.93·10−3 1.70 8.54·10−2 0.75
tetO2 7.26·10−2 2.28·10−8 0.79 1.19 · 103 7.71·10−3 1.69
tetO3 0.25 6.18·10−4 1.02 386.87 5.75 · 10−8 7.67·10−3 1.56
tetO4 0.80 3.47·10−3 0.60 1.05 · 103 1.52 · 10−6 1.29 · 10−6 5.83·10−3 1.61
Figure 35: PtetOinGAL1 single dataset fitting to gene-regulation-Adair equation (Eq.38).
The fitting procedure is carried out by varying all binding parameters for each curve
separately. The variable parameters are restricted to be greater than zero. K repre-
sents the apparent affinity of the rtTA to tet-operators (considered to be an association
binding constant). ci is the enhancement factor that modulates i
th binding. maxx(ε)
and maxy(ε) indicate the coordinates of the induction point of maximal sensitivity ac-
cording to the corresponding fitted function. A basal expression term B added to the
Adair equation, and a scaling factor S that multiplies it are additional free parameters
used during the fitting procedure. The resulting optimal parameters are reported in the
table. Systems with more than two activator binding sites are subject of overfitting and
the corresponding values can be more or less degenerated. Up to three activator binding
sites the retrieved parameters have relatively small excursion range, with higher binding
sites number the fitting is totally degenerated and extrapolated parameters heavily cross
compensate each other.
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Enzyme-Kinetics-Adair Fitting to P
tetOinGAL1-System
Saturation Curves of Variable Number of tet-Operators
PtetOinGAL1
S B K c1 c2 c3 maxx(ε) maxy(ε)
tetO1 8.96·10−2 1.93·10−3 1.70 8.54·10−2 0.75
tetO2 3.70·10−2 4.14·10−8 1.60 285.55 7.66·10−3 1.67
tetO3 9.19·10−2 6.20·10−4 2.17 133.86 5.78 · 10−2 6.52·10−3 1.60
tetO4 0.23 3.48·10−3 1.96 167.21 0.11 0.61 5.37·10−3 1.66
Figure 36: PtetOinGAL1 single dataset fitting to enzyme-kinetics-Adair equation (Eq.31).
The fitting procedure is carried out by varying all binding parameters for each curve
separately. The variable parameters are restricted to be greater than zero. K repre-
sents the apparent affinity of the rtTA to tet-operators (considered to be an association
binding constant). ci is the enhancement factor that modulates i
th binding. maxx(ε)
and maxy(ε) indicate the coordinates of the induction point of maximal sensitivity ac-
cording to the corresponding fitted function. A basal expression term B added to the
Adair equation, and a scaling factor S that multiplies it are additional free parameters
used during the fitting procedure. The resulting optimal parameters are reported in the
table. Systems with more than two activator binding sites are subject of overfitting and
the corresponding values can be more or less degenerated. Up to three activator binding
sites the retrieved parameters have relatively small excursion range, with higher binding
sites number the fitting is totally degenerated and extrapolated parameters heavily cross
compensate each other.
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In addition to the information provided by the fitted parameters obtained by Adair
equation analysis, optimally fitting curves can be used to compute logarithmic sensitivity.
Hence, information can be gained from Adair functions that accurately fit experimen-
tal datasets in order to analise systems’ sensitivity independently on overfitting issues
resulting from the fitting procedure itself. The Adair equations fitted to the studied ex-
perimental systems have inflection points and corresponding logarithmic sensitivities are
represented by non-linear functions characterized by a maximum. The point of maximal
sensitivity has been reported in the two last columns of the tables presented in these
sections with the notation maxx(ε) and maxy(ε) indicating coordinates corresponding to
induction point and extent of maximal logarithmic sensitivity, respectively. Besides be-
ing weakly influenced by partially populated datasets, maximal sensitivity points provide
information about the range of system’s activity corresponding to highest dynamicity.
Logarithmic sensitivity analysis concords with the interpretation of Adair equation fit-
ting and similarly suggests stronger influence of lower order binding events for promoter
activation. Higher order binding events mainly contribute to scale absolute expression,
not changing the profile of system’s sensitivity functions but rather shifting them to
lower induction range and thus playing minor role in system’s dynamics.
A qualitative analysis of the equations inspired by the experimental findings has been
used to shed light on the weight that different parameters exert on the overall behavior
of saturation curves. In the systems studied in these sections, the contribution of binding
sites after the second/third seems to have negligible consequences for cooperativity. The
main contribution these additional binding sites bring to the system consists of shifting
the sensitivity range of the different constructs to lower induction ranges. The mecha-
nism underlying this effect is however, as outlined by theoretical curves generated by the
Adair equations presented in Fig.37, of statistical nature and independent on binding
cooperativity. The apparent binding affinity of promoters with higher activator binding
sites increases simply because activators are statistically advantaged to bind promoters
with multiple binding sites compared to single binding site ones (see Eq.28). The role of
cooperativity for higher binding terms has almost no influence on the qualitative features
of saturation curves within the experimentally accessible range and by setting different
enhancement factor values one cannot distinguish different saturation curves. In con-
trast, the statistical term associated to multiple binding site systems displays a clear
pattern characterized by displacing saturation curves to lower induction leaving their
qualitative properties largely unchanged (maxx(ε) changes, maxy(ε) remains constant).
These results show that non-linearity in promoter activation mainly rely on low order
binding events which are responsible for large changes in promoter activation profiles.
Higher order binding contributes instead to shift promoter activity to lower range of
induction in a more linear manner.
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Role of Higher Order Terms in Theoretical Curves



















Role of Higher Order Terms in Theoretical Curves
Enzyme-Kinetics-Adair equation with Different Parameters
Theoretical
Curves GenReg EnzKin
n K c1 c2 c3 c4 maxx(ε) maxy(ε) maxx(ε) maxy(ε)
A 1 0.17 1.86 0.52 1.86 0.52
B 2 0.17 2 1.03 0.59 1.34 0.70
C 3 0.17 2 0 0.68 0.61 0.85 0.74
D 3 0.17 2 1.29 0.73 0.62 1.09 0.82
E 4 0.17 2 1.29 0 0.55 0.64 0.81 0.88
F 5 0.17 2 1.29 0 0 0.44 0.65 0.64 0.91
G 4 0.17 2 1.29 1 0.56 0.64 0.91 0.91
H 5 0.17 2 1.29 1 1 0.46 0.65 0.77 0.97
I 5 0.17 2 1.29 10 10 0.58 1.00 0.57 2.18
Figure 37: Theoretical curves inspired from PtetOinEGT2 system and represented with
gene-regulation-Adair equation (Eq.38, left plot) and enzyme-kinetics-Adair equation
(Eq.31, right plot). As suggested from experiments, the role of cooperative enhance-
ment for binding events higher then third order exerts little contribution to promoter
activation. This is shown in curves E and G, as well as in F and H, where complete
absence of enhancement or simple independent binding cannot be clearly distinguished
especially under the assumption of regulation according to gene-regulation-Adair equa-
tion. Even for curve D, in which according to experiments and sequential fitting to
gene-regulation-Adair equation (see Fig.27), a positive enhancement is present, the situ-
ation cannot be clearly distinguished from the case of complete absence of enhancement
(curve C). In contrast to weak, hardly detectable enhancement factors, curve I shows
a case of stronger cooperativity for third and fourth binding. The last four columns
of the table report induction point of maximal logarithmic sensitivity computed using
gene-regulation-Adair (left) and enzyme-kinetics-Adair equation (right).
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4.2.2.4 Discussion
The approach presented in this section has been inspired by experiments performed
in an earlier stage of the present work where some relevant aspects have been considered
in relation to the role of multiple activator binding sites in promoter regions and the
corresponding mode of regulation in their biological context. A methodic study of pro-
moters regulated by variable number of activator binding sites has thereby been carried
out using synthetic components.
Activator binding sites of three different promoter systems (promoter sequences of
CYC1, EGT2 and GAL1 genes) have been replaced by repetitive tet-operator blocks
and subsequently exposed to doxycycline induction gradients. The effect of different
number of binding sites, the role of different core promoters as well as distinct activator
binding configuration have been systematically investigated. The outcome of the exper-
iments pointed out that the three analyzed gene systems integrate a common stimulus
mediated by same components displaying significantly different activation modes. Com-
paring non-linear fitting procedures of experimental datasets interpreted using Hill and
Adair functions together with the use of logarithmic sensitivity analysis revealed unex-
pected role of promoter sequences in integrating same stimuli differently and reminded
the mechanisms described in the section ’Context-Dependent Effects on Gene Regula-
tion’. Promoter activation patterns observed in this section highlighted the capacity of
promoters to change their activation profile based on the number of activator binding
sites regulating their activity and, despite the fact that this behavior is largely deter-
mined by core promoter sequences, the importance of low order binding events emerges
as a common feature among all studied systems. The addition of a second binding site
applies in fact more drastic changes to promoter’s receptivity and reactivity with respect
to higher order binding events. This highlights the importance of the non-linear charac-
ter of low order binding. Higher order binding contributes indeed mainly to modulate
sensitivity ranges in a more linear manner without strongly affecting the qualitative
features of saturation functions.
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4.2.3 Semi-Synthetic Systems
Motivation: GAL1 promoter shows interesting activation patterns and
displays high cooperativity within the full-synthetic experimental framework.
Gene specific elements recruited by the native activator (Gal4p) are supposed
to have an influence on the natural process of GAL1 expression and their
role can be studied by replacing the gene encoding for Gal4p by a synthetic,
controllable gene module.
Aims: Externally modulate expression of Gal4p in order to gradually control
GAL1 promoter activation mediated by the natural components participating
to the reaction under natural conditions, thereby taking into consideration
gene specific effects.
Results: Non-linear effects dominate the semi-synthetic system displaying
switch-like activation pattern that could have its basis at the level of transcrip-
tional machinery organization as a consequence of promoter specific effects.
Among the promoters studied with the full synthetic experimental approach, the
most interesting from the point of view of cooperative activator binding was represented
by the GAL1 promoter (PGAL1). This promoter has been indeed studied extensively
and important information concerning its regulation is available [110, 7, 26, 25, 27, 9, 6,
28, 29]. Moreover, binding data of interactions involving regulators of the GAL network
with their target binding sites are known from in vitro experiments [109, 111].
In order to get more insights in the regulation of PGAL1, we extended the study
carried out in the full-synthetic context to an experimental setup more closely repre-
sentative of the natural regulatory process. Instead of the synthetic binding partners
(rtTA–tet-operators) we used the native ones (Gal4p-Gal4pBS ). The approach consists
in combining a synthetic circuit driving activator’s expression together with a natural
component represented by the native promoter sequence, which later has been subject
to genetic modifications. More precisely, in the resulting semi-synthetic systems we
dissected the activator-promoter (Gal4p-PGAL1) interaction into a synthetic, externally
tunable module, which replaces the natural GAL4 gene driving Gal4p expression. The
transcriptional activator Gal4p can therefore interact with the natural gene regulatory
sequence of the GAL1 gene in a externally controlled manner. Here we use tetR-Ssn6
(transcription factor consisting of tetR DNA binding domain, Ssn6 repressor domain),
which binds to two tet-operators placed in the regulatory region of the GAL4 gene
(PtetO2inGAL4). In absence of doxycycline, tetR-Ssn6 represses the expression of GAL4.
With addition of doxycycline the repression is relieved and GAL4 is expressed in a graded
way proportional to external induction. Increasing doxycycline increases the level of the
activator (Gal4p) which in turn binds to the target regulatory sequence of GAL1, that
finally drives the expression of a reporter gene (see Fig.38). Finally, the constitution of
the natural PGAL1 has been modified in the number and affinity of the binding sites and
the resulting activation functions compared with respect to the wild type sequence (see
Fig.39).
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Figure 38: Principle of semi-synthetic system to study the effect of number and type of
Gal4p binding sites (Gal4pBS ) on gene activation. The synthetic part can be controlled
externally by adjusting doxycycline concentration and is responsible for the production of
Gal4p, the transcriptional activator that binds the target promoter under study (natural
part of the system). The structure of the target promoter (PGAL1) is maintained constant
except for the four Gal4p binding site sequences. Both number and sequences of binding
sites have been modified to study their effect on promoter activation.
4.2.3.1 System Description
In order to study the pure effect of Gal4p binding to it’s consensus sequence, we car-
ried out this part of the work in yeast strains devoid of the GAL genes repressor (Gal80p)
and in glucose-free growing conditions (2% raffinose and 0.5% galactose). Gal80p is nor-
mally responsible for repressing GAL genes in absence of galactose through inhibition
of Gal4p transcriptional activation and glucose-free conditions prevent GAL genes to be
negatively regulated by glucose repression mechanisms.
The system studied in this section has been denominated PGal4pBSinGAL1 where
Gal4pBS stands for the binding site configuration of a given construct. For instance, the
Gal4p activator binds different target binding sites in the yeast genome characterized
by a consensus sequence (CGG[N ]11CCG, N representing unspecified nucleotides). The
advantage of studying such consensus is twofold: It allows to maintain binding specificity
and at the same time can display variable range of affinities for Gal4p. The binding sites
used in this part of the work are the four different ones present in the native PGAL1
organization (named GAL1BS1 - GAL1BS4 ) and the Gal4p binding site present in the
promoter of the GAL80 gene, GAL80BS (see Appendix I for sequences). Type and
number of binding sites have been varied in the course of this section and the promoter
is designated with the notation [Gal4pBS]X, Gal4pBS indicating the operator type and
X its copy number in a given construct (see Fig.39).
With the semi-synthetic approach we have principally studied the effect of same
induction conditions acting on different target promoters. The principal difference that
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we focused on has been the number of activator binding sites present in the target



























































Figure 39: Scheme representing the modifications applied to the different target promot-
ers (PGAL1 constructs containing different number of binding sites for Gal4p (denoted
with Gal4pBS )) and compared with the wild type ([WT ]) promoter architecture in which
the two central binding sites have stronger activator affinity than the flanking ones (see
Fig.42).
4.2.3.2 Results
A switch-like response is obtained by doxycycline induction experiments and the
saturation curves resulting from this approach indicate that different constructs have
different maximal expression values, moreover, this upper bound of promoter activa-
tion is not only determined by operator number, but also by their affinity for Gal4p
(see Fig.40). Interestingly, all curves reach different Vmax values at nearly the same
induction level, consequently they all have about the same K value. Non-linearities in
the molecular cascade connecting the synthetic module to the natural part of the semi-
synthetic system could in effect be the cause of the observed effect. It can be argued
for example that at high induction of the synthetic GAL4 gene, Gal4p accumulates in
the cytoplasm because nuclear transport reaches saturation representing a bottleneck in
the dynamics of the system. Accordingly, after a certain induction level, more activa-
tor is produced by the synthetic module but activator’s nuclear concentration remains
fixed at a maximal level independent on external induction, so that no further activa-
tion of the natural module can be attained. Alternatively, the source of non-linearity
could lie in an effect driven by specific elements recruited by Gal4p. Similarly to the
phenomenon observed in the section ’Context-Dependent Effects on Gene Regulation’,
specific components participating to the process of the native GAL1 promoter activa-
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tion could promote changes in its receptiveness and thereby explain the high sensitivity
displayed by all studied promoter versions. Hence, cooperativity at the level of the tran-
scriptional machinery organization could explain the experimental findings consistent
with same apparent binding constant and different maximal expression values.
Comparing the effect of high GAL4 expression induced by the semi-synthetic module
(see Fig.40), and induced by simple exposure of wild type cells to saturating galactose
concentration (see Fig.41), similar activation levels are reached by the different con-
structs. The affinity of the binding sites used in the target promoter of the semi-synthetic
system reflects the situation represented by the native system induced by the natural
stimulus. For example, the two individual central binding sites of the native PGAL1
have stronger affinity for Gal4p than GAL80BS (compare GAL1BS2, GAL1BS3 and
GAL80BS in Fig.42). This difference in individual binding affinity is present in both
the semi-synthetic system and the native system induced by its natural stimulus (com-
pare [GAL1BS2–GAL1BS3] with [GAL80BS]2 in Fig.41). Similarly, comparing the
two constructs containing four activator binding sites, the observed differences are also
in accordance with the individually measured contributions of each binding sites taken
separately (see Fig.42). In this case the wild type sequence ([WT ]) contains two strong
and two weak binding sites and consequently has lower level of expression at maximal
activation compared to [GAL80BS]4 which contains four strong binding sites. This im-
plies that in both cases, the externally tunable semi-synthetic system induced by high
activation level of the synthetic module as well as under natural conditions induced by
high galactose concentration, the system reaches saturation in a similar way and that
the attained saturation level is dependent on number and affinity of Gal4p binding sites
composing the target promoter.
4.2.3.3 Discussion
Information about PGAL1 activation could be obtained from the semi-synthetic ap-
proach. Comparing with a simpler approach consisting of measuring promoter maximal
activation by applying galactose induction to wild type cells, the semi-synthetic approach
has the advantage to give access to saturation functions instead single expression data
points. An open question remains to be clarified concerning the source of non-linearities
responsible for system’s behavior. The fact that the fitted Hill coefficients have very
high values, and moreover this also applies to the construct containing a single Gal4p
binding site, indicates that an unknown effect is acting at the level of the connection be-
tween synthetic module and target promoters playing a role in non-linearizing system’s
response. This effect is responsible for the observed switch-like character of the system
and is potentially relying on the transcriptional machinery organization as a consequence
of gene specific effects. We consequently decided to further reduce the level of invasivity
in order to study PGAL1 activation in a context as similar as possible to its native one,
anyway conserving the same aim to experimentally retrieve saturation curves instead
single expression data points. So we directed our efforts to develop the third approach,
called natural system approach, presented in this part of the work.
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Semi-Synthetic System with Variable Number of Gal4p Binding Sites
Gal4p modulated with tetR-Ssn6 (doxycycline mediated), Hill Equation Fitting
PGal4pBSinGAL1
B Vmax KD nH
[GAL80BS]1 8.88·10−3 4.06·10−2 0.26 2.51
[GAL1BS2–GAL1BS3] 1.37·10−2 0.67 0.32 2.88
[GAL80BS]2 1.11·10−2 0.29 0.33 2.75
[GAL80BS]3 1.44·10−2 0.61 0.31 2.95
[GAL80BS]4 1.55·10−2 0.92 0.32 2.99
[WT ] 8.14·10−3 0.78 0.38 2.71
Figure 40: Synthetic module regulates the expression of the GAL4 gene through tetR-
Ssn6 which is recruited inversely proportional to the applied doxycycline concentration,
the expression of the activator Gal4p is then directly proportional to doxycycline concen-
tration. The activation of the target promoter of Gal4p, PGAL1, is shown as a function
of its composition: Number and strength of Gal4p binding sites represent the difference
between target promoters. Error bars are calculated with standard error of the mean
from three experiments and expression values are normalized to their maximal value.
The datasets were fitted with non-linear regression to Hill equation (Eq.47) to which
a basal expression term (B, corresponding to the expression value measured at zero
doxycycline) has been added and kept fixed during the fitting procedure. The resulting
optimal parameters are reported in the table.
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Different number of Gal4pBS in PGAL1
Growth conditions: 2% Raffinose + 0.5% Galactose
Figure 41: Variable number of Gal4p binding sites in PGAL1 under natural conditions.
The constructs used in Fig.40 have been transformed into wild type strains (W303A)
and induced (0.5% galactose) in glucose-free conditions to avoid glucose repression. GFP
fluorescence was red out by flow cytometry. Expression corresponding to the full mutant



































Single Binding Sites of Gal4pBS in PGAL1
Growth conditions: 2% Raffinose + 0.5% Galactose
Figure 42: Expression of single Gal4p binding sites in PGAL1 under natural conditions.
The different constructs have been transformed into wild type strains (W303A) and
induced (0.5% galactose) in glucose-free conditions to avoid glucose repression. GFP
fluorescence was red out by flow cytometry.
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4.2.4 Natural Systems
Motivation: Previous work pointed out the role of gene specific effects as
potential cause of non-linearities observed in gene activation profiles. In or-
der to account for these effects and get further insights in the gene activation
process, a non invasive technique minimally perturbing cellular physiology is
needed. A genetic approach based on synthetic promoter libraries of variable
affinity for selected transcriptional regulators can be used to access saturation
curves reflecting activation of genes of interest. Promoters containing mul-
tiple activator binding sites can thereby by represented in terms of activation
gain with respect to their single binding site contributions, thereby allowing
comparison between different analyzed systems.
Aims: Gradually induce gene systems through activator binding site affin-
ity variation thereby maintaining the concentration of the selected transcrip-
tional regulator under study unperturbed. Since regulator concentration and
affinity compensate each other and are treated as equivalent variables in re-
action kinetics theory, it can be shown that the same information obtained
by inducing promoters of constant affinity with a gradual activator concen-
tration increase can also be retrieved by maintaining activator concentration
unchanged and applying graded variation in its affinity.
Results: The methodology has been firstly validated on a synthetic test
system allowing to control several determining aspects critical for the exper-
imental verification of theoretical concepts. Subsequently, the approach has
been applied to the GAL1 promoter and a saturation curve could be obtained
over broad range of induction. GAL1 promoter displayed high reactivity at
low induction but graded response when exposed to higher induction levels.
The role of multiple binding sites contributed to a more-than-additive increase
of expression compared to the promoter activated by a single binding site re-
vealing that activators can cooperate not by direct interaction but through
components of the transcriptional machinery.
We refer to ’natural systems’ when we make use of promoter libraries of variable
affinity for a certain native transcription factor. We call this method ’natural’ for the
simple reason that among the other ones presented previously, this is the least invasive
and thus it would be the method of choice to get insights in the natural process of gene
regulation with minimal perturbation affecting cellular physiology.
This technique involves the simple introduction in cells of an additional copy of the
promoter sequence of interest leaving the native one untouched and thereby avoiding the
effect of propagating perturbations to the cellular machinery. While the endogenous copy
of the gene under study executes its function unperturbed, the additionally introduced
copy can drive in parallel the expression of a reporter gene. This additional copy is used
to access information about the activation state of the promoter of interest and, in order
to obtain a saturation function that characterizes the activation of that promoter (and
not single data points), a series of identical promoters differing only in the affinity of the
activator binding site sequence is introduced in different cells of the same yeast strain.
The promoter library of variable affinity is obtained by introducing gradual mutations
in the consensus binding site sequence for a given transcription factor and a reporter
gene allows to read out the promoter activation level. So, by exposing cells that contain
the promoter library to the same conditions, one readily accesses the same information
obtained by varying the concentration of regulator in the nucleus of the cell. This
is actually supported by the mathematical formalism developed for the description of
chemical binding processes where the concentration of a ligand and its binding affinity
are considered equivalent variables. Reaction kinetics equations assume in fact that
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both activator concentration (x) and affinity (K) compensate each other. Consequently,
these two variables appear in the same form in reaction kinetics equations. It is actually
considered that whenever an activator binding reaction occurs with low probability (due
to the weakness of its binding affinity K), it can be compensated by the presence of
high activator concentration: The probability that rare events occur is compensated
by multiplying those single events. For the same reason, if low amount of interacting
molecular partners is limiting the probability of a reaction to occur, high binding affinity
can have a compensatory effect by making rare molecular encountering highly probable
to result in a successful reaction outcome.
In order to obtain information on cooperativity, and, more generally, to be able to
observe and quantify the contribution of multiple activator binding sites in promoter se-
quences, the methodology presented here is decomposed in two parts, called calibration
and measurement. The goal of the calibration phase is to determine individual contribu-
tions that single binding site sequences bring to system’s activation. The sequences used
for calibration are consensus binding site sequences specific for the studied activator.
Applying different mutations to consensus sequences, the binding affinity for the studied
activator can be modulated yet conserving specificity. Once the system calibrated, thus
knowing the extent of system activation that every individual mutant binding site in the
library contributes to, the measurement phase consists of introducing for each mutant
sequence used in the single operator library, its corresponding construct composed of the
same affinity mutant present in multiple copies. Comparing each pair of single/multiple
binding sites using a set of sequences expressing graded activity (operator library), one
can obtain functions that describe the gain in promoter activation realized upon the
presence of multiple binding sites in the regulatory sequence under study (see Fig.43).
Varying transcription factor concentration in vivo is for obvious reasons not feasible
in most of the cases and whenever possible it often implies important consequences
for cellular physiology. Thus, the method of promoter libraries of variable affinity is a
potential solution to characterize promoter saturation functions in a minimally invasive
way that reduces to the expression of a reporter gene.
4.2.4.1 System Description
The natural approach has been initially tested to study rtTA–tet-operators interac-
tion in the EGT2 core promoter (with same experimental setup described in the section
’Full-Synthetic Systems’), and only later applied to the Gal4p-Gal4pBS binding partners
of the GAL1 promoter (PGAL1).
Representing an exception among transcriptional factors, doxycycline tunable rtTA–tet-
operators interaction offers a unique opportunity to externally fix a certain amount of
active regulator in living cells and consequently allows to study the effect of binding site
mutations under different activator concentrations. Testing the natural system approach
on rtTA–tet-operators interaction allowed us to ascertain the validity of the technique
on a system that has been previously investigated in this study on one hand, and which
is well characterized by mutational studies found in the literature on the other hand.
However, the major advantage of this system consists of the possibility to access satura-
tion curves retrieved with the natural approach, and to compare the outcome with the
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Single Operator Library Multiple Operator Library
Figure 43: Promoter libraries of variable affinity. The natural system method consists
in creating two libraries containing mutant sequences of variable affinity for a given reg-
ulator. The single operator library is realized by applying mutations in the activator
consensus sequence that affect promoter activation in a graded way. The multiple oper-
ator library uses the same mutants as in the single operator library, with the difference
of being present in blocks of repetitive units within the studied promoter. Calibration of
the system is achieved by using the single operator library while the measurement phase
is carried out using the multiple operator library: Under same external conditions, the
deviation in promoter activation between single and multiple operator libraries reflects
the gain represented by the presence of multiple activator binding.
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corresponding activation profile obtained by doxycycline driven induction (similarly to
the methodology applied to the full-synthetic approach).
After having assessed validity of the experimental design on the rtTA–tet-operator
test system, we could further extend the study by applying the natural system approach
to the GAL1 promoter and consequently access information concerning Gal4p-Gal4pBS
binding under natural conditions.
4.2.4.2 Testing the Natural Systems Approach: rtTA–tet-operators Inter-
action
4.2.4.2.1 Calibration: Single tet-operator Library
The tet-operator (tetO1 type) is a 19 bp palindromic sequence to which the rtTA
homodimer binds. The advantage of such properties for our study relies on the sym-
metry of these binding partners at the molecular level. The binding site sequence can
be altered by single nucleotides mutations in one half of the operator only, resulting
in conserved specificity on one side and altering affinity for rtTA on the other side.
Mutagenesis studies have been performed in Escherichia coli and the effect of every nu-
cleotide mutation on TetR binding has been reported in [23]. Based on this information
we synthetically obtained different single mutant operator sequences that were inserted
in the core promoter of the EGT2 gene (according to the procedure presented in the
section ’Full-Synthetic Systems’), transformed into wild type Saccharomyces cerevisiae
(W303A), mated with an analogous wild type strain (W303α) containing PCLN3 driven
rtTA, and expression of diploids was measured by flow cytometry under high inducing
conditions (20 µM doxycycline). Despite the fact that in yeast the basal activity due
to the EGT2 core promoter is roughly 2-fold higher than in the bacterial system (8%
in Escherichia coli ([23]) and 17% in yeast with respect to the wild type), the outcome
showed that both organisms expressed highly correlated activities (correlation coefficient
> 0.99) in relation to the same mutations (see Fig.44).
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Figure 44: Calibration phase of single operator library. Correlation of single opera-
tor library measured in Escherichia coli (according to expression values in [23]) and in
Saccharomyces cerevisiae at high inducing conditions (20 µM doxycycline). The upper
part illustrates the palindromic tet-operator sequence (tetO1 type) with positions indi-
cated with positive numbers referring to one half and negative numbers referring to the
other half of the sequence. The lower plot shows the effect of single nucleotide mutations
indicated by boxes, where numbers designate the position according to nucleotide coordi-
nates described in the upper sequence, and letters correspond to substitutive nucleotides
at that position. The basal expression value is 8% and 17% of the wild type sequence
expression in Escherichia coli and Saccharomyces cerevisiae, respectively. The correla-
tion coefficient is > 0.99, reproducibility of LacZ expression measurements in bacteria
lie within ±10% ([23]) and error bars of yeast expression measurements show standard
deviations from at least 3 replicates.
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4.2.4.2.2 Measurement: Multiple tet-operator Library
Once assessed how single tet-operator mutants influence gene activation individually,
the next step consists of testing the same mutant sequences in corresponding promoter
systems containing multiples of their copies. Hence, we synthetically obtained multiple
operator repeats consisting of four identical tet-operator sequences (tetO1 type, see Ap-
pendix I for sequences) spaced by 6 or 8 bp that we introduced in the core promoter
of the EGT2 gene (according to the procedure presented in the section ’Full-Synthetic
Systems’). The resulting vectors were subsequently transformed into wild type strains of
Saccharomyces cerevisiae (W303α) containing PCLN3 driven rtTA. Similarly, the corre-
sponding single tet-operator library has also been transformed into the wild type W303α
strains containing PCLN3 driven rtTA and both resulting series of haploid strains have
been measured at the same time by flow cytometry at constant doxycycline concentra-
tions (20 µM or 6 µM).
When expressing multiple and single operator systems as a function of the same input
it is convenient to combine the two corresponding outputs and represent the deviations
between each other in a parametric manner (see section ’Parametric Representation
of Gene Expression Data’). Experimentally, the current setup involves two promoter
systems containing different number of the same binding site sequences for a common
activator. It is thereby possible to combine single and multiple tet-operator libraries
into a parametric representation considering the variable affinity of mutant operators as
common input. Afterwards, measuring deviations between the obtained graded expres-
sion curves allows to quantify the influence of multiple with respect to single activator
binding sites in promoter sequences at different ranges of induction.
Moreover, the use of synthetic components offers the opportunity to externally tune
the active portion of rtTA in cells and thereby the possibility to carry out measurements
of the same system under different conditions determined by the activator concentra-
tion. The setup of this test system allows to emulate experimental situations where
this same approach is applied to natural systems with different activator concentra-
tion. According to theory (see section ’Parametric Representation of Gene Expression
Data’), the obtained parametric curves should return unbiased information about sys-
tem’s parametrization avoiding that different activator concentrations influence measures
inherent system’s properties. The result of exposing cells containing libraries of mutant
tet-operators resulted indeed in the expected distortion of the calibration curve and in
addition, under different induction conditions (with different activator concentrations),
the system responded according to expectations as well by displacing experimentally ac-
cessible regions of the same curve to different expression ranges (see Fig.45 and compare
with theoretical expectations (Fig.12)).
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tet-operator System (Low Induction)
Reference  (Low Induction)
Logistic Fitting
tet-operator System (High Induction)
Reference (High Induction)
Logistic Fitting
Multiple vs Single Operator-Library
High (20 µM Doxycycline) & Low (6 µM Doxycycline) Induction
Figure 45: Measurement phase of multiple operator library. The x-axis represents the
range of expression covered by the single operator library while on the y-axis by the mul-
tiple operator library (consisting of a block of four tet-operators). Measurement curves
of the multiple operator library corresponding to high (red lines, 20 µM doxycycline)
and low (black lines, 6 µM doxycycline) induction are obtained by combining expres-
sion values of x and y-coordinates while reference systems are constructed by the same
procedure but comparing single versus single operator library, thus giving a diagonal
line (thick, dashed and dotted lines). Thin dashed lines indicate the range of activity of
single operator library at high (red) and low (black) induction (compare with Fig.12).
Error bars are calculated with standard error of the mean from three experiments and
expression values are normalized to their maximal value. Thin dotted lines are fitted
functions to the datasets (standard logistic function (Eq.59) where the resulting param-
eters are: A0 = 1.59 · 10−3; A1 = 1.96 · 10−3; A2 = 63.28; A3 = 2.60 · 10−9 for the low
induction and A0 = 1.38 · 10−3; A1 = 1.65 · 10−3; A2 = 66.31; A3 = 5.40 · 10−11 for the
high induction curve. The experiments were obtained with strains and plasmids detailed
in Tables 1, 2, 3.
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4.2.4.2.3 Proof of Concept
The mutant tet-operator library could further be used to check the same principle
described above in an alternative way. Since activator’s affinity K and concentration x
can be considered as dependent variables (based on the mathematical formalism used to
describe reaction kinetics (see section ’Data Analysis & Mathematical Tools’)), the va-
lidity of the methodology presented above where activator’s binding site affinity has been
varied and activator kept at constant concentrations, can also be proved equivalently by
varying activator concentration and fixing affinity to constant values.
Thus, because of the advantage of using a synthetic test system such as rtTA–tet-
operator, same material and principle used to check the validity of the methodology
presented earlier could be used to carry out an additional validation check of the pre-
sented approach by simply swapping the equivalent variables x and K. Previously, a
series of affinity mutants (variable K) were exposed to constant induction conditions
(two different x values that was kept constant during the experiment). Subsequently,
two members of the promoter libraries (constant K) were chosen to be exposed to doxy-
cycline gradients. The two pairs of mutants (from single and multiple operator libraries),
WT and 5T , were gradually induced by doxycycline and correlated through parametric
representation resulting in the curves shown in Fig.46 together with the dataset shown
in Fig.45. The datasets are compared by normalizing single operator constructs to one:
Highest induction or affinity mutant of the single operator library (represented in both
cases by the wild type tet-operator at 20 µM doxycycline) was set to reach the x-axis
value of one, single operator mutants exposed to lower induction or of lower affinity were
thereby scaled proportionally and reached lower expression values. Multiple operators
were also scaled accordingly and could thereby reach expression values higher than one.
Experiments show that both ways of representing the rtTA–tet-operator system lead
to overlapping curves and that, according to theory, the same information obtained by
varying activator concentration using a constant affinity receptor can be equivalently
accessed by fixing activator level to a constant concentration and gradually varying the
affinity. The outcome is thus showing that promoter libraries of variable affinity can be
efficiently used to study gene activation according to the natural approach methodology.
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tet-operator System (High Induction, Variable Affinity)
tet-operator System (Low Induction, Variable Affinity)
tet-operator System (High Affinity, Variable Induction)
tet-operator System (Low Affinity, Variable Induction)
Multiple vs Single Operator System
Variable Doxycycline & Fixed Operator Affinity  OR  Fixed Doxycycline & Variable Operator Affinity
Figure 46: Equivalent variable compensation in rtTA–tet-operator system. Two sets of
curves generated by the same system are compared. In the first set (same set presented
in Fig.45), operator affinity was varied gradually at two different activator concentration
levels: Single and multiple operator libraries were exposed to high (20 µM doxycycline)
and low (6 µM doxycycline) induction (red and black curves, respectively) and their
respective expression correlated parametrically using binding site affinity as common
parameter. In the second set, operator affinity was kept constant at two different lev-
els and the measurement carried out under graded doxycycline induction: Single and
multiple operator constructs containing WT (high affinity, wild type (100% activity))
and 5T (low affinity, 22% of wild type activity) operators (green and blue curves, re-
spectively) were exposed to the same doxycycline gradient and correlated parametrically
using doxycycline concentration as common parameter. To combine the two different sets
the expression of wild type single operator at 20 µM doxycycline was used as reference.
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4.2.4.3 Application of the Natural System Approach to GAL1 Promoter
Activation
4.2.4.3.1 Calibration: Single Gal4pBS Library
Instead of performing a systematic mutagenesis of the activator binding site consen-
sus, as it has been done for the tet-operator library, the calibration phase for measuring
the affinity of Gal4p-Gal4pBS system was more suited to be approached differently.
Since Gal4p activator binds several target genes in the genome of Saccharomyces cere-
visiae, each differing in number and sequence of the relative binding sites, the many
operator variants known to specifically bind Gal4p have been individually analyzed in
order to identify candidates best suited for being employed in the measurement phase
of the study. Dealing with GAL1 promoter system required thereby to perform a screen
over all native binding sites present in the yeast genome that were proved to specifically
bind Gal4p. The activity of each of these binding sites was studied by cloning the dif-
ferent variants of the Gal4p consensus sequence (CGG[N ]11CCG) in the fourth position
of PGAL1 (according to the description of [Gal4pBS]1 shown in Fig.39) and measuring
the corresponding activities under high inducing conditions (0.5% galactose added to a
2% raffinose background). The screening outcome represented in Fig.47 revealed that
the vast majority of native binding site sequences have intermediate-strong affinity for
Gal4p and that an important decrease in affinity could be attained by mutating the first
nucleotide in the consensus sequence recognized by Gal4p. Interestingly, these results
revealed in a first time that native sequences of Gal4p binding sites display relatively
narrow range of affinities. Indeed, the single operators were ranging roughly 100-fold
in expression with respect to the fully mutated promoter (indicated as ’Full Mutant’ in
Fig.47, in which all binding sites were mutated in their consensus sequence thus abol-
ishing Gal4p binding (CGG[N ]11CCG→ GCC[N ]11GGC)) but the expression of all of
the natural binding sites was situated between ten and hundred times full mutant ex-
pression. In a second time the screening has been extended to more candidates in order
to reach lower binding site strength using artificial operator sequences displaying expres-
sion levels closer to the one of the full mutant. Consequently, a single operator library
of logarithmically graded expression constructs could be constituted and employed for
calibrating the system.
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Figure 47: Gal4p binding sites affinity. Different variants of the Gal4p consensus
sequence (CGG[N ]11CCG) were cloned in the fourth position of PGAL1 (according to
the description of [Gal4pBS]1 shown in Fig.39) and the corresponding activities have
been measured under high inducing conditions (0.5% galactose added to a 2% raffinose
background) by flow cytometry (green bars) or β-Galactosidase CPRG assay (black bars)
depending on the expression range. Expression was normalized with respect to wild type
PGAL1 expression (WT ) and error bars show standard deviations from two independent
experiments comprising each at least 3 replicates. Native binding site sequences are
denoted by the name of the gene containing them in its promoter sequence and in case
a promoter contains more Gal4p binding sites then they are numbered (see Appendix I
for sequences). 17mer corresponds to a high affinity artificial version of the consensus
sequence (according to [25]) and binding sites situated to its right in the bar plot are
artificial operators found in the literature ([26, 27]). The last sequence on the right side
of the bar plot corresponds to the native binding site of the GAL6 gene with a single
nucleotide mutation in the first position (C → A). The experiments were obtained with
strains and plasmids detailed in Tables 4, 5.
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4.2.4.3.2 Measurement: Multiple Gal4pBS Library
With the single operator library of Gal4pBS inserted in the fourth position of the
GAL1 promoter, single operator contributions could be measured and further compared
to the expression of constructs constituting multiple operator library. In order to mea-
sure their expression deviation when present in multiple copies in PGAL1, each of the
Gal4pBS selected during the calibration phase has been used to replace all of the four
Gal4p binding sites present in the native PGAL1 configuration (where the single opera-
tor library corresponds to the configuration indicated as [Gal4pBS]1 and the multiple
operator library to [Gal4pBS]4 in the schemes represented in Fig.39). For both calibra-
tion and measurement phase of the natural PGAL1 system the expression range of all
the components constituting single and multiple operator libraries was expressed as a
function of the wild type PGAL1 expression level (configuration indicated as [WT ] in the
scheme of Fig.39). As previously, multiple versus single operators have been correlated
through parametric representation together with the corresponding reference system and
the outcome shown in Fig.48.
The contribution of multiple activator binding sites in PGAL1 activation was pre-
dominantly consisting of a more-than-additive increase in absolute expression level with
respect to single binding sites. Consistent with the obtained saturation curve, the high
induction conditions applied to the GAL1 promoter library were reflected by wild type
PGAL1 activation exposed to the same conditions (blue star in Fig.A3).
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Figure 48: Measurement phase of multiple operator library. The x-axis represents
the range of expression covered by the single operator library while on the y-axis by
the multiple operator library. Measurement curves of the multiple operator library
are obtained by combining expression values of x and y-coordinates under GAL genes
inducing conditions (0.5% galactose added to a 2% raffinose background) while ref-
erence systems are constructed by the same procedure but comparing single versus
single operator library, thus giving a diagonal line (black dashed line). Blue dashed
line indicates the range of activity of the wild type promoter under same induction
conditions as the promoter libraries. Green dotted line represents a fitted function
to the dataset (standard logistic function (Eq.59) where the resulting parameters are:
A0 = −0.37; A1 = −0.79; A2 = −2.27; A3 = 1.76). The experiments were obtained
with strains and plasmids detailed in Tables 4, 5, 6.
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4.2.4.4 Discussion
The approach presented in this section has been first validated by making use of a
synthetic test system consisting of rtTA–tet-operators in order to assess the reliability
of the technique under experimental conditions allowing external control. The technique
has been thereby explored under different aspects and theoretical concepts could be ver-
ified experimentally. Subsequently, the technique has been applied to Gal4p-Gal4pBS
interaction in the GAL1 promoter, a system of relevance for gene regulation in which
control mediated by external inducers cannot be efficiently used to study promoter acti-
vation. So, GAL1 promoter activation profile could be accessed under minimally invasive
experimental conditions.
Using the present approach, it has been possible to identify activation response of
the two studied systems over a broad range of induction and the resulting curves were
expressed parametrically to highlight deviations occurring by the presence of multiple
with respect to single activator binding site sequences. With this method, activation
curves describing promoters containing multiple activator binding sites are presented in
terms of activation gain with respect to single binding site contributions. In order to
compare the two analyzed systems, their corresponding dynamical ranges of activation
with respect to single operator systems have been represented in the same figure (see
Fig.49, left panel). In addition, parametric curves resulting from the natural system
approach were fitted to a standard four-parameter logistic equation (Eq.59) (see dotted
lines in Fig.45, Fig.48 and left panel of Fig.49) and the resulting optimally fitting func-
tions used to compute logarithmic sensitivities represented graphically as a function of
single operator activation (see Fig.49, right panel).
The contribution of multiple activator binding sites in PGAL1 activation was pre-
dominantly consisting of an increase of absolute expression level. With respect to single
operator constructs, the effect of multiple operators in GAL1 promoter resulted in rising
system’s response more homogeneously compared to the tet-operator test system. The
tet-operator system displayed indeed a much sharper activation profile and was confined
to a limited excursion range with narrower sensitivity peak. The results showed that the
GAL1 promoter is very reactive to low induction levels, but monotonously increasing
its response in a proportionate manner at higher activity. PGAL1 activity ranges over a
wide degree of induction maintaining a relatively constant response pattern at roughly
10-fold higher level with respect to the single operator system. The GAL1 promoter is
thereby able to integrate inputs spanning wide induction levels and convert them into
output covering broad response range. In support to the present data interpretation,
applying same inducing conditions to wild type PGAL1 indicates high degree of promoter
activation. Since the experimental conditions to which the GAL1 promoter library sys-
tem is exposed to correspond to high induction (2% raffinose and 0.5% galactose), wild
type PGAL1 activation is consistent to the boundaries of the natural system expression
(Fig.49 left panel, blue star).
Several aspects revealed by the natural system approach can be connected to the ex-
periments carried out in previous sections. Common points relating the systems studied
with different approaches are discusssed in the following paragraphs in attempt to make
the picture of the outcome of this first part of the work more interconnected. A common
point relating present findings to previous studies of this part consists of the observation
of quick system’s reaction to changes in induction conditions combined with response
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Figure 49: Activation profile of tet-operator and GAL1 promoter systems. The effect of
multiple operators (four in both cases) is represented with respect to corresponding single
operator response. Left panel: The dynamic range of activation with respect to single
operator systems has been computed by dividing datapoint values and fitted functions
(from Fig.45 and Fig.48) by the reference system. The blue star indicates the level of
expression corresponding to the wild type GAL1 promoter exposed to same inducing
conditions as the GAL1 promoter library (2% raffinose and 0.5% galactose). Right
panel: The curves fitted to parametric datasets have been used to compute logarithmic
sensitivities of the two systems as a function of single operator response. Continuous
lines indicate experimentally accessible range, dotted lines are extrapolated based on the
fitted function.
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scalability related to the presence of multiple activator binding sites (see section ’Semi-
Synthetic Systems’, Fig.40 and Fig.41). Similarly to the outcome of the natural system,
using the semi-synthetic approach, GAL1 promoter containing one or multiple activator
binding sites rapidly reacts to early concentration changes. However, in case of the fully
substituted PGAL1, the presence of four operators rises its expression to a level roughly
10-fold higher than the corresponding single operator. Moreover, investigations of GAL1
promoter derivatives under natural and semi-synthetic experimental setup indicate high
reactivity to external induction even when driven by single operators. When gradually
activated by a synthetic, externally tunable module, single operator PGAL1 reactivity
was comparable to multiple operator one (roughly same KD and nH values, see Fig.40)
while considerable difference was observed in the expression level scaling according to
the number of activator binding sites. Similarly, when constant high induction was ap-
plied to the PGAL1 single operator library of variable affinity, high promoter activation
was measured indicating that even when affinity for Gal4p was decreased by nucleotide
mutations, single operator constructs could induce strong responses (see Fig.47). This
effect is therefore unlikely to be due to binding cooperativity and operator affinity but
rather to rely on activator interactions with the transcriptional machinery. The addition
of multiple binding sites resulted in effect with both experimental approaches in a ho-
mogeneous increase of the activation level without changing qualitatively its activation
profile compared to the activation curve resulting from the single activator site. At low
induction, the multiple operator natural system quickly reacts in a switch-like manner
by setting its activity to high levels, further increase in operator affinity simply scales
proportionally the resulting promoter response in a graded way. The expression level
reached by the multiple operator natural system is around 10-fold the corresponding
single operator response and is consistent with measures performed previously when ap-
plying saturating induction conditions to GAL1 promoters containing different number
of operators (see Fig.41).
We propose that the role of multiple activator binding sites in the promoter of GAL1
and possibly in the coregulated genes is mainly responsible for modulating absolute
expression values rather than encoding intrinsic mechanisms of binding cooperativity.
Scaling promoter response allows to quantitatively regulate transcription of different
genes maintaining their activity synchronized. This effect displays more-than-additive
features with respect to single operator systems characteristic of synergic activation and
occurs at the level of the transcriptional machinery organization. The present situation
exposes common points existing between results obtained by studying GAL1 promoter
regulation with semi-synthetic and natural approaches, and partially contrasting aspects
concerning the full-synthetic approach. While the first two methodologies indicate strong
promoter activation quickly reacting to low induction variations, full-synthetic approach
applied to GAL1 promoter displays an activation pattern that only partially concords
with them (see section ’Full-Synthetic Systems’). Activation of promoters containing two
to four activator binding sites in the full-synthetic setup is in accord with the mode of
activation observed in the two complementary studies, however, the activation profile of
PGAL1 containing a single tet-operator exhibits substantial differences. The scalability
effect observed upon addition of activator binding sites in GAL1 promoter is indeed
present also in the full-synthetic system concerning constructs incorporating more than
a single operator (see Fig.24), however, single tet-operator PGAL1 is less reactive to
changing induction presenting a significantly different saturation curve.
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A possible explanation for the observations resulting from the systematic analysis
carried out with help of the three applied techniques, full-synthetic, semi-synthetic and
natural approach, could have its basis on gene specific effects that confer the ability of
Gal4p to promote efficient activation even if present individually. This capacity could
perhaps rely on specific recruitment of cellular components with the consequence of
converting Gal4p target promoter into a more receptive state of higher inducibility. Ad-
ditional activator binding sites could thereby improve transcriptional efficiency by facil-
itated transcriptional initiation complex formation and result in higher gene expression
level. Since concerning rtTA–tet-operators system the presence of a second binding sites
had the capacity of relieving promoters from states of lower inducibility, as discussed
in section ’Full-Synthetic Systems’ regarding the PtetOinEGT2 and PtetOinCYC1 systems,
the same mechanism could potentially be responsible for PtetOinGAL1 activation profile
conversion. A conserved feature consistent among all presented experimental setups is
that, differently from the two other systems, PtetOinGAL1 and wild type PGAL1 support
the scaling effect that homogeneously increases its expression observed in the presence
of multiple activator binding sites. In contrast, the fact that GAL1 promoter activa-
tion determined by single activators differs between full-synthetic system on one side,
and semi-synthetic and natural systems on the other side, is reminiscent of experiments
carried out in section ’Context-Dependent Effects on Gene Regulation’ where the role
of native elements taking part to the process of gene regulation through gene specific
effects has been studied. Synthetic activators consisting of externally tunable rtetR
DNA binding domain were fused with transcriptional activation domains of native acti-
vators or, alternatively, native activators were allowed to bind the target promoter under
study in order to integrate gene specific interactions potentially occurring with the tran-
scriptional machinery in an experimental framework consisting of externally inducible
activator binding. The resulting effect of native elements allowed to participate to the
synthetically driven process of promoter activation controlled externally highlighted their
role in altering promoter properties. Firstly, similarly to differences observed in this sec-
tion between synthetic, semi-synthetic and natural systems, promoter reactivity could
be modulated based on the type of activator used to mediate induction, which in turn
resulted to integrate same inputs differently. Under same induction conditions, fusion
proteins containing different transcriptional activation domains could thereby activate
same promoter sequences with different activation profiles. Secondly, change in promoter
response could be observed upon influence of gene specific elements allowed take part
of the process according to their native regulation. The state of the same promoter
regulated by multiple activator binding sites could in effect be altered by allowing single
native activator, and the consequent interplay with its specific components, to interact
with it independently on the externally inducible activator binding.
In summary, combining the different approaches we could reveal that promoter sat-
uration functions of a certain graded induction stimulus could be altered in their ac-
tivation profile based on context dependent factors and consequently display different
behavior towards same stimuli. This effect could also be achieved independently on
the DNA sequence thus highlighting the role of promoter reorganization induced by
native components of the cellular machinery that affect gene regulation in vivo. Some
of the aspects of promoter regulation could be captured and understood with help of
the relatively simplistic approach employed in full-synthetic systems (such as the scal-
ability effect of expression values observed for GAL1 promoter regulation by multiple
115
4.2 Systematic Study on the Effect of Multiple Activator Binding Sites in Promoters
Results
binding sites), while other aspects required more laborious technique depicted by the
natural approach in order to be accessed in a more detailed way (like single operator
based reactivity of GAL1 promoter). While regulation of synthetic systems could be
equally successfully studied using both full-synthetic or natural approach, regulation
of endogenous promoters could only be precisely determined with the latter technique
that allowed to take into account the involved native specific effects. Indeed, due to the
isolation degree of full-synthetic systems with respect to cellular components, both ap-
proaches demonstrated to correlate very precisely according to theoretical predictions.
In contrast, the role of native components taking part to the regulatory process and
commonly completely neglected in studies of in vitro protein-DNA interactions resulted
to play determining role in shaping endogenous promoter response.
Promoters studied in the present work could display substantially different activation
patterns depending on molecular partners recruited additionally to the basal ones. These
cell’s endogenous factors have the capacity to support particular features pointing out
the higher degree of complexity underlying the process of gene regulation and provides
evidence for the fact that both promoter sequences and activators share responsability
in the way a stimulus is integrated in promoter regulatory sequences to be further in-
terpreted and converted into a genetic response. Activation curves resulting from our
study are therefore composite functions combining higher level properties of promoter
regulation with respect to simpler in vitro studies.
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5.1 Conclusions
It is commonly assumed that gene regulation occurs in an all-or-none fashion. How-
ever, graded gene expression is necessary to display proportionate response to stimuli
and represents a fundamental aspect to appropriately adapt to a changing environment.
Indeed, it’s obvious that for certain processes a binary response is inadequate and more
fine tuned regulation is necessary to avoid production excess or insufficiency of the re-
quired components participating to the response mechanism. It is known that certain
transcriptional regulators can bind different regulatory sequences in the genome in order
to modulate activity of several genes. Pleiotropy is a typical regulatory feature present
among different organisms and combined with the fact that different target genes for a
common regulator can contain variable number of binding sites in their regulatory se-
quence hints for a potentially relevant role played by synergic effects between regulators.
In enzyme kinetics and ligand binding, multiple ligand binding to receptors is commonly
associated with binding cooperativity and thus with switch-like response patterns while
single ligand binding with graded responses. The current work has been focused on the
role of multiple binding sites present in promoter sequences with respect to single bind-
ing and the consequences on systems’ sensitivity and reactivity. If in biological systems a
common mechanism to achieve switch-like response induced by gradually increasing stim-
ulus relies on positive feedback loops, binding cooperativity provides additional means
for modulating gene activation profiles without the requirement of regulator’s positive
retroaction. Gene regulatory sequences could integrate and interpret same signals in
different modes by simply embedding in the promoter architecture a signal conversion
mechanism supporting from single to multiple regulator binding and thereby modulating
their activation profile with different degrees of sensitivity from graded, dose-dependent
induction to more switch-like to binary response.
In order to understand function and properties of gene systems regulated by promot-
ers containing single versus multiple activator binding sites and to shed light on their
corresponding gene activation profile, we made use of modern techniques of synthetic
biology and genetic engineering to be able to access parameters describing the process
of gene regulation in living cells. Inspired by the experimental evidence hinting for a rel-
evant role played by the context specificity involved in the regulation of cell cycle genes
containing multiple activator binding sites in their promoters, the effect of methodically
varying the number of activator binding sites has been initially studied using synthetic
activator-binding site partners (rtTA–tet-operators) based on bacterial elements inserted
in yeast promoters and induced with doxycycline. This system (full-synthetic system,
according to the previously used denomination) revealed important aspects of promoter
sequences especially in the way they integrate multiple activator based inputs. It resulted
that inputs mediated by same the activator-operator pair was converted differently into
gene activation responses based on the surrounding promoter context. By progressively
increasing the number of rtTA binding sites (tet-operators), different promoters could
display significantly diverse gene activation profiles outlining the role of core promoter
sequences to interpret induction stimuli. By interpreting experimental results with math-
ematical tools commonly used to study enzymatic and biomolecular reaction systems it
resulted that the difference both on the qualitative and quantitative level was largest
when comparing gene activation based on lower binding events. Actually, by increasing
118
5.1 Conclusions Conclusions and Future Work
the number of activator binding sites from one to two/three (depending on the cases) a
very large impact on gene activation was observed compared to subsequent additional
binding sites.
An extreme case highlighting the role of low order binding is represented by GAL1
core promoter: Comparing the activation profiles obtained by gradually inducing GAL1
promoters containing variable tet-operators revealed particular features of dose-response
curves differing substantially between promoters regulated by single and promoters reg-
ulated by multiple operators. GAL1 promoter activation could in fact exhibit two dif-
ferent types of activation profiles: A low sensitivity profile presenting graded response
when regulated by a single activator binding site and a high sensitive response when
regulated by two or more activator binding sites. Moreover, upon further increase of
activator binding sites the same activation pattern is conserved and saturation curves
with same properties as for two binding sites are observed with the only difference con-
sisting of being homogeneously scaled to higher gene expression levels. Because of this
very pronounced difference in the mode of activation and together with the fact that,
in addition to GAL1, several other genes that participate to the galactose metabolism
contain different number of binding sites for the common native activator Gal4p, we ex-
tended the study using an experimental setup that allowed to externally vary the Gal4p
expression and thereby to obtain saturation curves of GAL1 promoter regulated by its
native activator instead of the synthetic activator rtTA. According to this methodol-
ogy (semi-synthetic system, based on the previously used denomination), a synthetic,
externally tunable module has been used to replace the native GAL4 gene allowing to
adjust the activator production and to observe the corresponding target gene activation.
Thus, different versions of the same target promoter (GAL1 promoter) have been ex-
posed to variable Gal4p concentrations by focusing on the role of number and affinity of
Gal4p binding sites. The obtained saturation curves were characterized by switch-like
responses displayed by all of the studied versions of GAL1 promoter that on one hand,
consistently to the results obtained previously, were scaled homogeneously accordingly
to the number and affinity of activator binding sites, but on the other hand presented
highly sensitive activation even when regulated by single activators. This indicated that
the full-synthetic experimental setup could appropriately represent the natural process
for some aspects however lacking the capacity to integrate some features potentially in-
volving recruitment of gene specific elements that influence activation based on single
activators. Since the semi-synthetic method was supposed to be significantly invasive
because potentially perturbing external branches of the cellular metabolism as a con-
sequence of the interference with the expression of native regulators, we turned to a
method consisting of synthetic promoter libraries of variable affinity. This method (nat-
ural system, according to the previously used denomination) didn’t imply modifications
in cellular regulation and allowed to perform experiments in wild type cells in order to
study the process of gene regulation under native conditions. It resulted that employing
the natural approach allowed to obtain saturation curve describing GAL1 promoter over
a broad range of activation and suggested that the promoter is generally very reactive
to low induction levels, but monotonously increasing its response in a proportionate
manner with higher degree of induction. Hence, GAL1 promoter displayed switch-like
response at low activity but graded response when exposed to higher induction levels.
In addition to the resulting points described above, another experimental evidence
supports the idea arguing in favor of the capacity of promoters regulated by single oper-
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ators to display sensitive response. In fact, the vast majority of the naturally occurring
binding site sequences recognized by Gal4p in native conditions have strong activation
potential even with low affinity. Moreover, also in this case, the presence of multiple acti-
vator binding sites mainly contributed to scale the response level in a more than additive
manner with respect to single operator construct indicating synergy in the recruitment
of gene specific components interacting with bound activators. This effect seems thereby
not be related to binding site affinity and binding cooperativity but rather to cooper-
ativity at the level of activator transcriptional machinery interaction and supports the
idea that eukaryotic activators can cooperate not by directly interacting but by simulta-
neously touching some components of the transcriptional machinery [28, 29]. In addition
to the role of low order binding events, native activators allowed to interact with synthet-
ically tunable promoters also contributed to change the responsiveness and the capacity
of promoters to integrate stimuli (see section ’Context-Dependent Effects on Gene Reg-
ulation’), supporting the idea that promoters remain in a state of lower activity and can
be converted into a state of higher reactivity by recruitment of gene specific elements.
Alternatively, as suggested by full-synthetic systems, in absence of gene specific effects a
certain number of bound activators is required to unblock its state. Mechanisms such as
increased polymerase trafficking or destabilization of structured DNA upon protein-DNA
interaction could explain the obtained results (see ’Part II’). Binding cooperativity as
defined in enzyme kinetics supported by protein-protein interaction between adjacently
bound activators has been ruled out for the full-synthetic system and is also apparently
not driving GAL1 promoter’s reactive response.
The technique developed for this work shows that selected genes can be efficiently
studied using promoter libraries providing means to obtain dose-response curves over a
broad range of activation under minimally invasive experimental conditions. Knowing
the consensus sequence recognized by an activator allows one to construct a series of
graded alterations in order to assess the effect of single and multiple activators in inte-
grating induction stimuli and convert them into gene expression response. The technique
proposed in this work allows to access such information assuming precise knowledge of
the consensus sequence for a given activator, however modern techniques of in vitro and
in vivo directed evolution offer the possibility to create and optimize promoter libraries
of variable affinity for any genes providing the basis for the methodology presented in
the current work [20, 19, 21, 22]. The applicability of the technique is confirmed for the
studied system from E.coli to yeast and is potentially extendable to higher eukaryotes.
A possible bottleneck in the technique is represented by weakly expressing gene systems
and consequent insufficient signal intensity during detection analysis. The method can in
effect require detection systems of higher sensitivity with respect to fluorescent reporter
gene expression (LacZ assay, real-time PCR).
Protein-DNA binding is classically studied with techniques of in vitro experimen-
tation and mathematical modeling is used to interpret experimental data. Saturation
functions retrieved in this way often fail to represent the actual process occurring in
vivo due to the absence of cellular components participating to the process under nat-
ural conditions. Saturation functions are alternatively evaluated in vivo by sampling
a continuum of gene expression through few discrete datapoints anyway providing an
incomplete picture of the gene activation process [19]. The proposed technique provides
instead continuous access of gene expression as a function of graded induction and allows
to take into consideration genetic and cellular aspects often relevant for the description
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of the studied system. Its application could range from the characterization of mecha-
nisms underlying activation of selected genes to synthetic experimental setup in which
precise tuning of gene expression is often required to obtain desired properties in genetic
networks. Elements of such promoter libraries could thereby be employed to improve
pathway behavior and consequently optimize the design of artificial networks.
5.2 Future Work
An interesting open question consists in applying the same procedure according to the
natural system design employed to characterize GAL1 promoter to other genes coregu-
lated by Gal4p and to determine if the role of multiple binding sites present in PGAL1
implies comparable consequences in the regulation of other promoters involved in the
galactose network. This could help to understand why metabolic GAL genes are mainly
regulated through multiple binding sites whereas genes encoding for regulators by single
binding sites. Candidates for such work are genes regulated by multiple Gal4p binding
sites on one hand (GAL2, GAL7 ) and GAL3 promoter on the other. GAL3 and GAL1
are in fact paralogues arising from a single bifunctional ancestral gene still present in the
yeast Kluyveromyces lactis and encoding for a bifunctional protein combining the galac-
tokinase activity of Saccharomyces cerevisiae’s Gal1p and the galactose sensing of Gal3p.
GAL3 and GAL1 genes of modern Saccharomyces cerevisiae have thereby evolved from
an ancestral sequence known to have been subject to a process of gene duplication and
subsequent subfunctionalization. The corresponding promoter have common origin and
contain one and four Gal4p binding sites, thus representing ideal candidates to be com-
pared over their range of activity. Moreover, the single bifunctional ancestral gene is
still present in Kluyveromyces lactis and can be studied with the same method in order
to compare its activation profile with GAL3 and GAL1 genes form Saccharomyces cere-
visiae [7]. In this evolutionary scenario it has been shown that implications of activator
binding through in/out helical phasing play an important role in optimizing gene regula-
tion [7, 109]. However those studies have been carried out by evaluating gene expression
through few discrete datapoints characterizing extremes of the real saturation function
describing the gene system. Using the natural approach proposed in the present work
would instead allow to compare the behavior of such promoters over a broad range of
activity.
Another open question remains about the positioning role of the binding sites for
the Gal4pBS in GAL1 promoter. The difference in using operator substitutions in the
proximal position or in the distal and the relative combinations has not been method-
ically studied but experimental evidence suggests that some mechanism acting at that
level can play a role in the mode of GAL1 promoter activation (see Appendix I). Fur-
thermore, in order to precisely consider the more important role of activator binding
when occurring at low binding order, a common point relating the systems studied in
this part, promoters with intermediate number of binding sites can be further studied
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Lower case sequences are the restriction sites NheI, SpeI, SgsI, AvrII, XbaI used to
build promoter libraries and different constructs containing from one to five tetO1 type
tet-operators.
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The four different native Gal4p binding sites present in the wild type GAL1 promoter
are underlined. These sequences are replaced by tetO2 type tet-operators according to
Fig.20 or alternatively substituted with other artificial Gal4p binding sites or belonging
to other target promoters among the GAL genes (see Fig.39). Mutant Gal4p binding
sites have been obtained by exchanging purine with pyrimidine in the consensus sequence
for the Gal4p binding sites (CGG[N ]11CCG→ GCC[N ]11GGC).
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6.2 tet-Operators
Two genes, tetA and tetR, are widely present among gram-negative bacteria and con-
fer tetracycline resistance (which is the most common form of antibiotic resistance) by
promoting active drug eﬄux. The two genes are divergently oriented and a central over-
lapping regulatory region drives their expression. tetA codes for a tetracycline/metal-
proton membrane antiporter (TetA) and tetR codes for a gene regulator (TetR) which
is a dimeric DNA binding protein and is responsible for the repression of tetA and tetR
genes in absence of tetracycline. Moreover, the antibiotic activity of tetracycline acts
at the protein production level inhibiting translation and therefore the mechanism of
resistance is supposed to be regulated in a sensitive way. Occupation of tetO1 operator
leads to repression of both genes while occupation of tetO2 operator causes repression
of tetA but doesn’t interfere with expression of tetR (see Fig.50) [112, 113].
Figure 50: Scheme representing the genetic mechanism of regulation responsible for
tetracycline resistance in gram-negative bacteria (taken from [112]).
The sequences of tetO1 and tetO2 operator are ACTCTATCATTGATAGAGT and
TCCCTATCAGTGATAGAGA, respectively. The tet-operator library has been constructed ac-
cording to information found in [23] and Table 1 shows the different point mutations
(represented by capital letters) applied to one half of the tetO1 operator palindromic se-
quence thereby causing a decrease in binding affinity for the tetR DNA binding domain.
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Operator Activity [23] Sequence









Table 1: tet-operator single nucleotide mutations constituting tet-operator libraries.
The decrease in affinity is reported as fractional activity with respect to the wild type
sequence.
Description Plasmid Name Yeast Strain Reporter
Wild Type pAnt36 YAntH191.5,6,7,9,10,11 GFP
9C pAnt37 YAntH192.1,3,5,10,11,12 GFP
8C pAnt38 YAntH193.1,4,6,7,10,12 GFP
5T pAnt39 YAntH194.1,2,4,5,10,12 GFP
6C pAnt42 YAntH195.2,3,9,10 GFP
2T pAnt43 YAntH196.1,3,4,6,8,10,11 GFP
2C pAnt45 YAntH197.1,3,4,5,6,7,8,9 GFP
6T pAnt132 YAntH209.2,4,5,8,9,10,12 GFP
3T pAnt123 YAntH203.3,8,9,11,12 GFP
Table 2: Single tet-operator library.
Description Plasmid Name Yeast Strain Reporter
Wild Type pAnt56 YAntH216.1,2,3,6 GFP
9C pAnt57 YAntH217.1,2,3,4 GFP
8C pAnt58 YAntH218.1,2,6,7 GFP
5T pAnt59 YAntH219.2,3,5,6 GFP
6C pAnt60 YAntH220.2,3,5,10 GFP
2T pAnt61 YAntH221.1,2,4,10 GFP
2C pAnt62 YAntH222.1,2,4,5 GFP
6T pAnt141 YAntH234.2,4,5 GFP
3T pAnt143 YAntH235.2,3,5 GFP
Table 3: Multiple tet-operator library (4 binding sites).
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6.3 Gal4p Operators
Native binding site sequences are denoted by the name of the gene containing it in its
promoter sequence and in case a promoter contains more Gal4p binding sites then they
are numbered. Concerning the denomination used in section ’Semi-Synthetic Systems’,
where Gal4pBS denotes general Gal4p binding site and the following binding sites have
been used in that context: GAL80BS, GAL1BS1, GAL1BS2, GAL1BS3, GAL1BS4
corresponding to the denomination used here and in section ’Natural Systems’ as Gal80,



























Table 4: Gal4pBS : DNA binding sites that bind Gal4p.
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Description Plasmid Name Yeast Strain Reporter
Gal1-1 pAnt100 YAntH129.6,1,2,3 GFP
Gal1-2 pAnt113 YAntH141.1,2,3 GFP
Gal1-3 pAnt114 YAntH142.1,2,3 GFP
Gal1-4 pAnt86 YAntH134.2,3,6,7 GFP
Gal2-1 pAnt95 YAntH124.2,7,8,9 GFP
Gal2-2 pAnt103 YAntH132.6,2,4,5 GFP
Gal2-3 pAnt104 YAntH133.7,5,6,13 GFP
Gal2-4 pAnt106 YAntH135.4,1,2,3 GFP
Gal2-5 pAnt107 YAntH136.6,1,2,4 GFP
Gal3 pAnt96 YAntH125.1,2,3,5 GFP
Gal6 pAnt110 YAntH139.9,1,5,6 GFP
Gal7-1 pAnt94 YAntH123.1,7,9,11 GFP
Gal7-2 pAnt102 YAntH131.4,3,5,10 GFP
Gal80 pAnt108 YAntH137.5,7,9,11 GFP
GCY pAnt109 YAntH138.4,6,10,13 GFP
MTH1 pAnt116 YAntH151.1,2,3 GFP
MEL1 pAnt93 YAntH122.3,6,9,13 GFP
17mer pAnt111 YAntH140.1,2,3 GFP
Art.1 pAnt98 YAntH127.1,4,9,10 GFP
Art.2 pAnt99 YAntH128.6,1,2,3 GFP
Art.3 pAnt91 YAntH120.2,4,5,6 GFP
Art.4 pAnt92 YAntH121.2,3,4,5 GFP
wGal1-2 pAnt97 YAntH126.2,3,5,6 GFP
wGal1-3 pAnt101 YAntH130.5,9,10,15 GFP
Gal1-1 pAnt144 YAntH226.1,2,6 LacZ
Gal1-4 pAnt140 YAntH225.1,2,3 LacZ
Gal2-3 pAnt145 YAntH227.1,2,3,4,5,6 LacZ
Gal2-4 pAnt146 YAntH228.3,4,5 LacZ
Gal6 pAnt151 YAntH233.1,5,6 LacZ
Gal7-1 pAnt150 YAntH232.1,3,5 LacZ
17mer pAnt149 YAntH231.1,2,3 LacZ
Art.2 pAnt147 YAntH229.1,2,3,4,5,6 LacZ
mutGal6 pAnt173 YAntH281.4,5,6 LacZ
wGal1-3 pAnt148 YAntH230.1,2,3,4,5,6 LacZ
Table 5: Single operator (Gal4pBS ) library.
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Description Plasmid Name Yeast Strain Reporter
Full Mutant pAnt82 YAntH110.2,3,4 GFP
Wild Type pAnt84 YAntH111.2,3 GFP
Gal1-1 pAnt154 YAntH254.4,10,11 GFP
Gal1-4 pAnt155 YAntH255.3,11,12 GFP
Gal80 pAnt156 YAntH256.6 GFP
Gal2-4 pAnt160 YAntH257.3,7,8 GFP
Gal6 pAnt161 YAntH258.4,5,10 GFP
MTH1 pAnt162 YAntH259.7,10,11 GFP
mutGal6 pAnt175 YAntH308.2,6,7 GFP
Table 6: Multiple operator (Gal4pBS ) library (4 binding sites).
Description Plasmid Name Yeast Strain Reporter
Gal1-1 pAnt188 YAntH317.2,3,7 GFP
Gal1-4 pAnt189 YAntH318.3,4,7 GFP
Gal2-4 pAnt187 YAntH316.2,3,6 GFP
Gal6 pAnt186 YAntH315.1,2,3 GFP
MTH1 pAnt185 YAntH314.3,7,8 GFP
mutGal6 pAnt190 YAntH319.7,9,11 GFP
Table 7: Double operator (Gal4pBS ) library.
Description Plasmid Name Yeast Strain Reporter
MGGM pAnt119 YAntH297.4,6 GFP
GMMG pAnt171 YAntH298.2,3,10 GFP
MWWM pAnt120 YAntH299.1,4,9 GFP
GGGM pAnt118 YAntH300,2.5.7 GFP
Table 8: GAL1 promoter with variable number and type of Gal4pBS. The denomination
used in the description column is as follows: M (mutated Gal4pBS ), G (Gal80 binding
site), W (wild type binding sites). The first letter in the description corresponds to the
most distal Gal4pBS, the last to the most proximal.
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6.4 Comparison pAnt117 (pAnt27-derived (no FIG1 -integration-locus))
























Comparison pAnt117 and pAnt156
[Gal80]4 in GAL1 Promoter
Figure 51: The promoter libraries for the study of GAL1 promoter have been con-
structed using two different parent plasmids: pAnt117, from pAnt27 which is derived
from a pRS306 plasmid. pAnt156 derived plasmids contain a FIG1 integration locus in
addition to the pRS306 elements. For all the experiments carried out in the present work
genetic constructs were integrated in the yeast genome using the URA resistance gene,
independently on the presence of the FIG1 integration locus. The above plot shows
the same library construct (Gal80BS substituting all four binding sites in the GAL1
promoter) measured using the different parent plasmids.
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6.5 Positional Effect of Gal4pBS in GAL1 Promoter





















1. Effect of Position on GAL1 Promoter Activation
Strain: W303A; Growth conditions: 2% Raffinose + 0.5% Galactose





















2. Effect of Position on GAL1 Promoter Activation
Strain: W303A-∆GAL80; Growth conditions: 2% Glucose





















3. Effect of Position on GAL1 Promoter Activation




















4. Effect of Position on GAL1 Promoter Activation
Strain: W303A-∆GAL80; Gal4p modulated with tetR-Ssn6 (doxycycline mediated)
Figure 52: Position effect of Gal4pBS. All expression measures have been normalized with
respect to the wild type (WT ) expression, in the bottom figure right normalized to the
expression value at maximal induction reached by the wild type. GMMG and MGGM
indicate which operator of GAL1 promoter has been substituted with GAL80BS corre-
sponding to a letter G and operators that have been mutated denoted with a letter M .
The denomination reflects the positioning of Gal4pBS within the promoter configuration
of PGAL1 in which the last letter corresponds to the proximal binding site. Under differ-
ent condition the two substituted promoter versions display different activation levels.
Top left: WT strain grown in 2% raffinose and 0.5% galactose. Top right: ∆Gal80
strain grown in 2% glucose. Bottom left: ∆Gal80 strain grown 2% raffinose and 0.005%
galactose. Bottom right: ∆Gal80, SyntheticGAL4expression strain grown 2% raffinose
and 0.5% galactose.
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6.6 Feedback of GAL1 Gene



















WT (with endogenous Gal1p)
delta GAL1 (no endogenous Gal1p)
Gal1p Positive/Negative Feedback
Reporter: Pgal1-GFP
Figure 53: The feedback effect of the GAL1 gene.
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7 Appendix II
This part has been added separately in a late stage of the writing of the thesis. More
experiments have been performed during the revision period of the thesis and the out-
come is presented in this appendix. The main goal of this part is to complete the picture
outlined in the main text concerning the role activator binding sites in the GAL1 pro-
moter. A series of additional constructs has thereby been made in order to verify the
activation state of the GAL1 promoter relying only on the presence of the two central
Gal4p binding sites. Our previous investigations showed that the two central binding
sites in the GAL1 promoter were strong with respect to the two weak flanking ones.
The same setup described in the section ’Natural Systems’ regarding the study of the
GAL1 promoter consisting of four Gal4pBS has been transferred to the study of the
GAL1 promoter library activated only by the two central activator binding sites. The
results shown in Fig.54 represent the library of four operator measured at the same time
with the two operator library and other modified GAL1 promoter constructs. The re-
sults show that a similar gene response is obtained between the two libraries in terms
of sensitivity (see Fig.55). The main difference highlighting non-linearity in the gene
activation profile can be observed in the scaling ratio between the curve traced by the
two systems. The two systems react in similar fashion with the main difference being the
absolute expression level: The double operator library improved expression 2/3-fold with
respect to the single operator library while the multiple (four binding sites) improved
gene expression roughly 15-fold.
The results presented here further support previous findings and shed light in a more
detailed way on the role of multiple binding sites in the GAL1 promoter. Cooperativ-
ity appears thereby to rely on interactions between activators and the transcriptional
machinery rather than between activators. To further support this conclusions the ex-
pression of various GAL1 promoter versions consisting of different number and types of
Gal4pBS has been included in the same graphical representations showing their relative
increase in absolute gene expression (blue symbols in Fig.54).
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Figure 54: Multiple (four Gal4pBS ) versus double GAL1 promoter libraries. The
diagonal line represents the reference system (single versus single operator library). The
black symbols represent the enrichment with respect to the single operator library of the
multiple operator library consisting of four Gal4pBS while the red symbols represent
the double operator library. The blue symbols represent gene expression of additional
constructs: M stands for mutated Gal4p binding site. G for Gal80 binding site. W
for wild type binding sites. The position of the letter corresponds from left to right
to distal to proximal binding sites positions in the promoter sequence. Hence, MGGM
denotes GAL1 promoter with the first, distal binding site, mutated, followed by two
Gal80 binding sites and a last proximal mutated binding site. MWWM consists of the
first mutated binding site followed by the two native binding sites corresponding to the
two central ones present in the wild type GAL1 promoter and at the end a last mutated
binding sites. Similarly WWWW indicates the wild type promoter with binding sites
according to native positions. Red and black dashed lines are non-linear curve fittings to
the logistic equation (standard logistic function (Eq.59) where the resulting parameters
are A0 = 83.2863; A1 = 1.90373; A2 = 0.992807; A3 = −28.7271 for the black curve and
A0 = 34.6288; A1 = 3.16372; A2 = 1.02073; A3 = −8.32232 for the red curve) which
have been subsequently used to compute logarithmic sensitivities represented in Fig.55.
The experiments were obtained with strains and plasmids detailed in Tables 4, 5, 6, 7,
8.
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GAL1 Promoter Library (4BS)
GAL1 Promoter Library (2BS)
Logarithmic Sensitivity
GAL1 Promoter Libraries containing 2 and 4 Gal4pBS
Figure 55: Sensitivity analysis of the curves of Fig.54. Continuous lines indicate exper-







1 Introduction to Transcriptional Interference
Transcriptional interference is mechanism of regulation that involves antagonistic re-
lationship between transcription units. Different modes of transcriptional interference
have been studied in the article hereby attached. Upstream and downstream interference
are the two main topics in which I had a contribution. Cooperative effects at the level of
transcriptional regulators binding represent the principal link with the work presented
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A transcriptional activator can suppress gene expression by interfering with transcription initiated
by another activator. Transcriptional interference has been increasingly recognized as a regulatory
mechanism of gene expression. The signals received by the two antagonistically acting activators
are combined by the polymerase trafficking along the DNA.We have designed a dual-control genetic
system in yeast to explore this antagonism systematically. Antagonism by an upstream activator
bears the hallmarks of competitive inhibition, whereas a downstream activator inhibits gene
expression non-competitively. When gene expression is induced weakly, the antagonistic activator
can have a positive effect and can even trigger paradoxical activation. Equilibrium and non-
equilibrium models of transcription shed light on the mechanism by which interference converts
signals, and reveals that self-antagonism of activators imitates the behavior of feed-forward loops.
Indeed, a synthetic circuit generates a bell-shaped response, so that the induction of expression is
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interference will help to predict the transcriptional response of genes in their genomic context.
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Introduction
One of the major goals of quantitative modeling of gene
regulation is to predict gene expression based on the
occupancy of gene regulatory sites by transcriptional factors.
The action of transcriptional activators and repressors bound
to a promoter can be represented as a mathematical operation.
These operations have been systematically analyzed in
prokaryotes (Buchler et al, 2003; Hermsen et al, 2006; Cox
et al, 2007), and in eukaryotes (Ratna et al, 2009).
The above models focused on the classical role of transcrip-
tional activators: the enhancement of gene expression.
Interestingly, activators can also suppress gene expression
by, at least, two different mechanisms (Shearwin et al, 2005).
First, intergenic transcription initiated by activators from
upstream sequences can interfere with the expression of
downstream genes. This upstream interference has been
observed for the SER3, ADH1 and ADH3 genes in yeast
(Martens et al, 2004, 2005; Bird et al, 2006). Intergenic
transcription produces noncoding RNAs that have been
detected in Saccharomyces cerevisiae and higher eukaryotes
in large numbers (Hongay et al, 2006; Khaitovich et al, 2006;
Neil et al, 2009; Xu et al, 2009). Positive regulatory aspects of
transcriptional interference have been increasingly recognized
in processes and phenomena, such as T-cell receptor recombi-
nation, latency of the HIV infection and epigenetic cellular
memory (Schmitt et al, 2005; Abarrategui and Krangel, 2007;
Lenasi et al, 2008).
Second, when an activator binds to a site that overlaps or is
positioned downstream of the transcriptional initiation site, it
can interfere with transcriptional initiation and elongation.
This downstream antagonism is exemplified by the ZRT2,
PRY3 and ACC1 genes (Li and Johnston, 2001; Bird et al, 2004;
Bickel and Morris, 2006).
Signals passed onto transcriptional activators that either
interfere with transcriptional initiation or initiate intergenic
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transcription are processed ‘horizontally’ along the DNA,
which is mediated predominantly by the polymerase. Little is
known about how these antagonistic signals are combined.
Using the yeast, Saccharomyces cerevisiae, as a eukaryotic
model organism, we have explored the principles of this signal
conversion and how these signals can be utilized to control
gene expression.
Results and discussion
Competitive inhibition by upstream interference
We studied upstream transcriptional interference using chro-
mosomally integrated gene constructs. In these constructs,
intergenic transcription interferes with the expression of a
downstream GFP reporter gene under the control of different
promoters (Figure 1, Materials and methods section). The
intergenic transcription was triggered by the transcriptional
activator GEV, activity of which was modulated by estradiol.
First, we used the ADH1 promoter, which has been already
shown to be regulated by interference at its original genomic
locus (Bird et al, 2006). On activation of GEV using estradiol,
the GFP expression driven by the ADH1 promoter decreased in
a graded way, so that the expression had a unimodal
distribution in the cell population (Figure 1A, Supplementary
Figure S8). Thus, the mean expression level can be adequately
used to quantify the output of the system.
Next, we measured the changes in the mean GFP expression
as the occupancy of the activator-binding sites within a
downstream promoter was varied. For this purpose, doxycy-
cline was used to modulate the binding of the transcriptional
activator, rtTA, to two tet operators within the downstream
promoter. The doxycycline-induced binding of rtTA to the
promoter led to GFP expression (Figure 1B). We observed that
the suppression of GFP expression by intergenic transcription
was gradually relieved as the rtTA binding strengthened, when
Figure 1 Upstream interference by intergenic transcription. (A) The 1000-bp long PADH1 includes an upstream TATA box (936 bp, checkered diamond), which is
required to drive the intergenic transcription. Single cell distribution of GFP expression driven by GALUAS-PADH1(1000 to 1) (YAntH44.6) is shown when intergenic
transcription was activated at different estradiol concentrations. Relative cell count is shown. (B) The upstream activating sequence (UAS) of GAL1, GALUAS, was
positioned upstream of the truncated EGT2 gene (EGT2115 to 509) to emulate intergenic transcription. The truncated gene comprises the core promoter with a TATA
box (115 to 0) and part of the ORF (1–509). The downstream promoter was obtained by fusing the [tetO]2 to the GAL1 or CYC1 core promoters including a TATA box
(YABH39.4 and 38.2). Expression was induced by doxycycline at different fixed concentrations of estradiol. Error bars represent s.d. values calculated from three
experiments. The curves represent fits of the non-equilibrium model of upstream interference (see Supplementary Information), with a¼3, kON¼0.015 nM1 min1;
kb¼1 min1,Z¼49.6, kr¼0.041 min1, kS¼10 min1, m¼33.4. Atot¼9.9 nM and Kind¼6.1 to account for the induction by doxycycline, and P¼0, 1.5, 3.5, 8.6 and 71 for
the respective estradiol concentrations. kOFF¼0.11 min1, b¼2.8, bas¼0.0055, vmax¼201 for P[tetO]2-GAL1TATA; and kOFF¼0.07 min1, b¼7, bas¼0.03, and vmax¼230
for P[tetO]2-CYC1TATA. (C) Constructs used to measure termination efficiency. The arrowhead denotes the ACT1 transcriptional terminator. The downstream promoter was
obtained by inserting five tet operators into the EGT2 promoter. (D) Expression was induced by 2 mM doxycycline and was inhibited by increasing concentrations of
estradiol. Data are shown for GALUAS-EGT2(115 to 509)-P[tetO]5inEGT2 (YAntH41.1, red squares) and GALUAS-EGT2(115 to 509)- TACT1–P[tetO]5inEGT2 (YAntH42.1,
blue triangles). (E) The termination efficiency was calculated from two independent experiments (see Materials and methods section) using the data as shown in (D).
(F) Activation of gene expression by GEV when only the TACT1 separates the GALUAS from P[tetO]5inEGT2 (YAntH43.1). Source data is available for this figure at
www.nature.com/msb.
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the doxycycline concentration was increased from intermedi-
ate to high levels (Figures 1B and 2B). This indicates that
intergenic transcription competes with the rtTA-driven tran-
scription.
We compared the expression data obtained at different
strengths of intergenic transcription with basic equilibrium
models of repression (Box 1). The data agreed well with the
model of competitive inhibition, at weak and moderate
intergenic transcription (Figure 2A and B). The drop of
inhibition efficiency close to saturation of activator-binding
sites, a hallmark of competitive inhibition, was particularly
pronounced with a promoter containing seven operators
(Figure 2C and Supplementary Figure S9C and D), in which
a higher degree of operator occupancy can be attained due to
cooperative binding of rtTA (Becskei et al, 2005). The
overwhelming majority of the data points aligned closely with
the fitted curves calculated from the equilibrium competition
model (Figure 2C).
The equilibrium competitionmodel did not fit the datawhen
interference was strong (Supplementary Figure S10). In this
case, a good fit was obtained only to the data points measured
at high concentration of doxycycline (Figure 2B and C). When
these fits were extended into the range of low doxycycline
concentrations, they overestimated the inhibition of gene
expression, suggesting that intergenic transcription can have a
positive effect on GFP expression (Figure 2B and C). To
evaluate how general the above observations are, we studied
interference when expression at the downstream promoter
was driven by various activation domains (VP16 and Swi5)
and by various core promoters (CYC1, GAL1 and EGT2). In all
the examined cases, the two hallmarks were conserved, and
only the overall efficiency of inhibition varied (Supplementary
Figure S12); the competition dominated at medium and high
doxycycline concentrations, whereas the positive effect of
strong intergenic transcription was unmasked at a low
doxycycline concentration.
Next, we built a detailed model on the basis of realistic
molecular mechanisms. Previous studies have suggested that
competition by intergenic transcription can arise when the
elongating polymerase occludes the activator-binding sites
(Sneppen et al, 2005). Furthermore, the elongating polymerase
roadblocked by the activator can exert a force on the activator–
DNA complex and destabilize it, after which the activator
dissociates (Prescott and Proudfoot, 2002; Mosrin-Huaman
et al, 2004; Galburt et al, 2007). However, when the
polymerase traverses binding sites within the promoter, they
can become more accessible, possibly due to changes in the
chromatin structure, which enables the facilitated rebinding of
transcription factors to them (Uhler et al, 2007). It is important
to note that different methods for measuring DNA–protein
interactions can produce contrasting results for the binding of
the same transcription factor, when exposed to intergenic
transcription (Bird et al, 2006). We constructed a non-
Figure 2 Equilibrium (A–C) and non-equilibrium competition models (D–H) of
upstream interference. (A) Scheme of the equilibrium competition model. The
downstream promoter is occupied either by the interfering polymerase or by the
activator, AUAS. (B, C) Equation (1) (Box 1) was fit to the data. KD
A¼0.37 and
f(R)¼2.9, 5.9, 14.1* and 41.4* for PtetO2-GAL1TATA (data re-plotted from Figure 1B)
(B); KD
A¼0.024 and f(R)¼2.6, 5.9, 18.5 and 42.7* for PtetO7-GAL1TATA (YABH34.5)
(C). The asterisked f(R) values were obtained by fitting equation (1) to data points
that had a normalized expression higher than 0.4 (see Materials and methods
section). (D) In the non-equilibrium competition model, the interfering polymerase
traverses the UAS and the TATA box in the downstream promoter, after which
they bind the activator, AUAS, and the TBP with a higher affinity. (E) Gene
expression as a function of AUAS was calculated from the non-equilibrium
model with the parameter values fitted for PtetO2-GAL1TATA (Figure 1B). The
concentration of the activator [P] driving the intergenic transcription is color
coded. (F) Curves were re-calculated from (E). (G) Fold inhibition at P¼100 was
calculated for promoters with one (O1) and two (O2) operators as in (F), except
for the parameters specified in the figure legend. The red dashed line stands for
one operator with reduced affinity. (H) Fold inhibition was measured at 200 nM
estradiol as the doxycycline concentration was varied. The curves were fit with
the parameter values obtained for the corresponding constructs in (Figure 1B).
To link the AUAS concentration to the doxycycline concentration, Atot¼10.3 nM
and Kind¼2.6 were fit for promoters with CYC1TATA, measured on the
same day. For PtetO1-CYC1TATA (YABH40.6), kON¼0.0072 nM1 min1 and
kOFF¼0.13 min1 were fitted to account for its lower binding constant in
comparison with PtetO2-CYC1TATA. Source data is available for this figure at
www.nature.com/msb.
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equilibrium model that includes the rebinding of rtTA
facilitated by a factor of b, and the increased association of
the TATA-binding protein (TBP) and the above forms of
competition (Figure 2D, Supplementary Figure S1).
The model successfully reproduced the positive effect on
gene expressionwhile preserving the hallmarks of competition
(Figure 2E and F, Supplementary Figure S2). The model fitted
to data obtained for promoters containing two tet operators
(Figure 1B) also predicts that the peak value of inhibition by
intergenic transcription does not increase when the interfering
polymerase competes with the rtTA bound to only one
operator, or may even decrease if the single operator has a
lower affinity (Figure 2G). Inhibition of expression caused by
strong intergenic transcription reaches its peak value at
intermediate doxycycline concentrations, at which intergenic
transcription can more easily outcompete rtTA-induced
transcription and the positive effect is still negligible. The
above prediction was consistent with the measurements: the
peak inhibition for the tetO1-CYC1TATA construct was lower,
and shifted to higher doxycyline levels in comparison with the
tetO2-CYC1TATA construct (Figure 2H, Supplementary Figure
S11). Similarly, when the number of tet operators, fused to a
GAL1 core promoter, was increased from two to seven, the
inhibition curve only shifted towards lower doxycycline values
but its peak value did not change (Figure 2H).
Initiation and termination of transcriptional
interference
The prevalence of interference in the genomic context depends
on the number of DNA sequences that can initiate interference,
and on how efficiently transcriptional terminators terminate
transcription between adjacent genes to prevent interference.
With some modifications, the above gene constructs can shed
light on how likely interference arises at a given segment of the
genome (Supplementary Figure S13).
When two different activators bind to a promoter, both of
them can activate gene expression (Supplementary Figure
S13C). Surprisingly, the insertion of a short, eight-nucleotide
long TATA sequence converts the activator recruited to a site
upstream of the TATA box into an inhibitor of expression
(Supplementary Figure S13B). This inhibition, triggered by a
simple sequence, was less efficient than the inhibition by
intergenic transcription initiated by a full promoter (Supple-
mentary Figure S13A, B and D).
The efficiency of termination was extrapolated by measur-
ing to what extent interferencewas reduced when a terminator
was inserted between the intergenic transcription unit and
the downstream promoter–GFP constructs (Figure 1C). The
efficiency of termination was calculated at intermediate rtTA
binding, when the inhibition of expression is linearly
dependent on estradiol concentration (Figure 1D). The ACT1
transcriptional terminator had a relatively constant, around
80%, termination efficiency over a broad range of intergenic
transcription rates (Figure 1E). This constancy of the efficiency
is surprising because it has been commonly assumed that
terminators fail when the transcription rate passes a threshold
value.
The genomes of yeast species are very compact and
transcriptional terminators often overlap with the promoters
of downstream genes (Valerius et al, 2002). Therefore,
termination efficiency inferred from the changes in transcrip-
tional interference is important to assess how efficiently
terminators can isolate the transcriptional regulation of two
adjacent genes.
Box 1 Competitive and non-competitive inhibition of
gene expression
Two basic forms of inhibition of gene expression are described by simple
equilibrium models. When an inhibitor, R, interferes with the binding of the
transcriptional activator, A, inhibition of gene expression is competitive.
Expression is given by
Ex ¼ w A
KAD ð1þ f ðRÞÞ þ A
ð1Þ
KD
A is the dissociation constant of the activator binding, w is a proportionality
constant, whereas f (R) is a lumped parameter incorporating the
concentration and the dissociation constant of the inhibitor.
If the inhibitor does not prevent the activator from binding to the
promoter, but suppresses transcription at a later stage, inhibition is non-
competitive. A more general model incorporates the synergistic binding of
the activator and the inhibitor, as well.
Ex ¼ w A
KAD þ Aþ KAD f ðRÞ þ aAfðRÞ
ð2Þ
a denotes to what extent more likely is the joint binding of the activator and
inhibitor than the binding assuming no interaction between them.
Characteristic profiles of inhibition, across a broad range of expression
levels, can be conveniently compared when the fold change of expression
due to a fixed concentration of the inhibitor is calculated as the activator
concentration is varied. For this purpose, fold inhibition-1 was plotted
against normalized expression (see Materials and methods section).
Normalized expression, NE, corresponds to the expression, Ex, calculated
in the absence of the inhibitor (f (R)¼0, w¼1 in equations (1 and 2));
NE¼A  (KDA þ A)1.
Competitive inhibition is shown for KD
A¼0.043, f(R)¼3.8 in equation (1).
When gene expression approaches saturation, fold inhibition-1 drops
rapidly, because the activator does not increase the expression noticeably
but can increasingly outcompete R. However, fold inhibition-1 doubles at
most, when the normalized expression is reduced from 0.5 to an arbitrary
low value. For the supercompetitive mechanism, fold inhibition-1 increases
more than twice when the normalized expression is reduced from 0.5 to an
arbitrary low value. The supercompetitive curve is plotted for KD
A¼0.043,
f1(R)¼0, f2(R)¼0.1 and a¼0.011 using equation (4) given by Ratna et al,
2009. Supercompetitive inhibition arises when the activator and the
repressor jointly determine the permissive state of the promoter (Ratna
et al, 2009).
For non-competitive inhibition, fold inhibition-1 has a constant value as
transcriptional activation is varied (the curve is shown for KD
A¼0.043,
f (R)¼2 and a¼1 in equation (2)). When R and the activator bind
cooperatively (KD
A¼0.043, f(R)¼0.5 and a¼4 in equation (2)), fold
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Interestingly, the terminator did not reduce transcriptional
activation when it was inserted directly downstream of a UAS
that had no TATA box associated with it (Figure 1F). This
suggests that terminators do not prevent an activator from
initiating transcription at a TATA box positioned downstream
of the terminator (Figure 1F), but they terminate transcription
that had been fully initiated (Figure 1D).
Genome-wide analyses of gene expression suggest
that genes may not reach their optimal expression level
because of interference of their genomic environment (Liao
and Zhang, 2008); and evolution proceeds in a direction to
increase intergenic distances, whereby interference is reduced
(Chiaromonte et al, 2003; Byrnes et al, 2006). Indeed, the
simple DNA sequence requirements for the interference to be
initiated (Supplementary Figure S13B) and, the good, but finite
(B80%), efficiency of transcriptional termination between
adjacent genesmay contribute to thewidespread occurrence of
interference in the genome.
Downstream antagonism
To study antagonism by downstream activators, activator-
binding sites were inserted downstream of the TATA box in the
promoter–GFP constructs. Binding of GEV to the upstream
site, GALUAS, drove the expression of GFP (Figure 3A). The
binding of rtTA to tet operators downstream of a TATA box
inhibited GFP expression (Figure 3A). This indicates that in
addition to DNA-binding protein domains alone (Brent and
Ptashne, 1984; Murphy et al, 2007), full-length transcriptional
activators can interfere with the transcriptional activation.
Expression data at different strengths of downstream antagon-
ismwere in excellent agreement with an equilibriummodel for
non-competitive inhibition that incorporates the cooperative
binding of GEV and rtTA (Box 1, Figure 3A and B) (Cornish-
Bowden, 2004). Cooperative binding of rtTA to promoters has
been observed (Becskei et al, 2005). The cooperative interac-
tion between the upstream and downstream sites could
account for the observation that at a low estradiol concentra-
Figure 3 Downstream antagonism. The TATA box is denoted by a checkered diamond in the genetic constructs. Error bars represent s.d. values calculated from three
experiments, unless otherwise specified. (A) Expression driven by PGALUAS-TATA-tetO2 (RUY20) in the presence of different fixed concentrations of doxycycline. The
curves were obtained by fitting equation (2) (Box 1): KD
A¼0.067, a¼3.2. f(R)¼0.31 and 1.05 for respective doxycycline concentrations (B) Scheme of non-competitive
inhibition. When the AUAS and ADI activators bind to the promoter simultaneously, no transcription is initiated. (C) Expression driven by PGALUAS-TATA-FUS1UAS
(YABH42.1) in the presence of different fixed concentrations of a-factor. The FUS1UAS contains three binding sites for the endogenous Ste12p transcriptional activator.
Expression was adjusted using the PGALUAS-TATA-MutFUS1UAS construct (YABH43.2) to account for the nonspecific effects of a-factor on expression (see Materials and
methods section). The curves are fits to the non-equilibrium model of the downstream antagonism (see Supplementary Information, SEq2) with pUAS¼0.01 nM1 min1,
pDI¼0.005 nM1 min1, a¼32.8, m1¼0.07 min1, m2¼0.1 min1, p3¼1 min1, m3¼0.2 min1 and k¼0.2 min1, Atot¼500 nM, Kind¼2161 nM, vmax¼619; [ADI]¼0,
0.89, 2.79 and 4.46 for the respective a-factor concentrations. (D,E) Contour plots represent expression levels as a function of ADI and AUAS using the parameter values
as in (C), except for pDI¼0.01 nM1 min1, and the cooperativity of binding, a was varied: a¼1 (D) and a¼20 (E). (F) Expression driven by the PtetO7-TATA-tetO2 (RUY65)
and PtetO7-CYC1TATA (RUY67.13) constructs. LacZ was used to detect gene expression with higher sensitivity. Expression of the PTATA-tetO2 construct (RUY69), which
lacks an upstream activation sequence, is below the detection limit. The value for s.d. is calculated from two experiments. The bell-shaped curve was obtained by fitting
SEq. 4 (w¼470, n¼m¼1.2, N¼0.46 and M¼0.79). Source data is available for this figure at www.nature.com/msb.
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tion, inhibition is weaker than predicted by a model of pure
non-competitive inhibition.
To further explore the cooperative interaction between
multiple binding events, three binding sites were inserted
downstream of the TATA box, which are recognized by the
Ste12p activator (Figure 3C). Ste12p activates its target
genes when induced by a-factor, but it inhibits the expression
of the PRY3 gene by binding to a downstream site (Bickel
and Morris, 2006). When the expression of the resulting
PGALUAS-TATA-FUS1UAS construct was induced by high concentra-
tion of estradiol, addition of a-factor inhibited transcription in
a dose-dependent manner (Figure 3C). However, at lower
estradiol concentration, expression was paradoxically in-
creased in response to increasing a-factor concentrations. This
illustrates that interference in the same genetic construct can
result in both inhibition and activation. Correspondingly,
Ste12p buffers the action of GEV when induced by high
concentration of a-factor, as expression changes only slightly
over a broad range of estradiol concentrations.
The paradoxical activation can be explainedwhen the above
model was modified so that the activator bound to the
downstream site induced a weak expression indirectly by a
non-equilibrium kinetic effect on the upstream activator or
directly by recruiting the transcription initiation machinery
(Figures 3C and Supplementary Figures S4–S6).
Cooperative interactions are typically considered to be
advantageous for regulation. For example, cooperative binding
of repressors increases the sensitivity of response, making
repression respond to environmental stimuli in a switch-like
manner (Oehler et al, 2006). Thus, the reduction of inhibition
by the cooperative interaction of the two antagonistic
activators seems rather disadvantageous for regulation.
However, a two-dimensional input plot reveals that the
cooperativity renders the response more square-like, so that
high expression is restricted to a quadratic domain in which
the occupancy of the upstream sites is high and that of the
downstream sites is low (compare Figure 3D and E).
A genome-wide search retrieved many activator-binding
sites downstream of a TATA box that are conserved in related
yeast species (Supplementary Table S1). Some of these sites
may regulate gene expression. A Mac1p-binding site down-
stream of the TATA box of the FTR1 promoter inhibited gene
expression, and activated expression when transferred to an
upstream site (Supplementary Figure S15). This finding may
explain in part why the deletion ofMac1p, a copper-responsive
transcriptional activator, results in an increase in FTR1
expression (De Freitas et al, 2004).
In all the retrieved promoters (Supplementary Table S1),
a single binding site downstream of the TATA box was
identified. Therefore, downstream antagonism is expected
to follow the non-competitive inhibition with cooperative
binding (Figure 3A).
Bell-shaped response
Both the equilibrium and non-equilibrium models predict that
binding of the same activator to both the upstream and
downstream sites generates a bell-shaped response (Supple-
mentary Figure S7). When rtTA binds to tet operators flanking
the TATA box, increasing doxycycline concentration resulted
in a bell-shaped response: expression initially increased and
after reaching a plateau, it declined (Figure 3F, Supplementary
Figure S16). The peak expression in the bell-shaped response
is around five times less than the maximal expression of the
corresponding expression cassette containing the upstream
activation sequence only, confirming the predictions of the
model. As the bell-shaped response limits gene expression to a
narrow range of inducer concentrations it has the ability to
translate concentration gradients into localized expression
patterns, similar to the stripe formation during embryonic
development (Sanchez and Thieffry, 2003; Basu et al, 2005).
This response is reminiscent of the output of gene circuits
with feed-forward loops (Mangan andAlon, 2003; Kaplan et al,
2008).
The regulatory architecture of the ZRT2 promoter is very
similar to our construct that generated bell-shaped response
(Figure 3F). The Zap1p activator binds to sites flanking the
TATA box of the ZRT2 promoter. Although prior experiments
have focused on repression by Zap1p, the full data set is
compatible with a bell-shaped response to zinc (Supplemen-
tary Figure S17) (Bird et al, 2004). This similarity underscores
the utility of studying signal processing by synthetic circuits to
understand the functioning of natural gene networks.
Conclusions
It is essential to know to what extent gene expression can be
inhibited as transcriptional activation is varied to understand
gene regulation and to design gene expression systems for
biotechnological purposes. Simple equilibrium models were
consistent with most of our observations. In particular non-
competitive inhibition with cooperative binding is consistent
with the findings on downstream antagonism, including the
bell-shaped response, which has been observed in the genomic
context as well (Bird et al, 2004). The equilibrium approach is
frequently used to describe gene regulationwhen transcription
factors bind to promoters, because binding is a reversible
process and rapid relative to the kinetics of the reporter gene
expression. A more complex non-equilibrium model is
realistic to explain interference, for which the regulator is
transcription itself. Transcription is a highly irreversible
process as the elongating polymerase proceeds only in one
direction. This energy consuming interfering polymerase
regulates the expression of the gene it traverses. Therefore, the
non-equilibrium approach can capture the irreversible nature
of processes having a function in upstream interference.
Interestingly, intergenic transcription inhibits the expression at
PtetO2-CYC1TATA less efficiently than at PtetO2-GAL1TATA, even though
rtTA has nearly equal affinities for these promoters (Figure 2B).
The fitted non-equilibriummodel suggests that rtTA rebinds and
restores the initiation complex more rapidly at PtetO2-CYC1TATA,
after the polymerase traverses the promoter. This may explain
why the expression at PtetO2-CYC1TATA is more resistant to
interference.
Our findings reveal unexpected links between different
forms of transcriptional regulation. Both upstream interfer-
ence and classical repression by repressor proteins in yeast rely
on competitive inhibition even though they represent distinct
molecular mechanisms (Ratna et al, 2009). These simple
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regulatory principles will help understand how genes generate
complex responses in the genomic context.
Materials and methods
Genetic constructs
GEV is a fusion protein consisting of the Gal4p DNA binding domain,
an estradiol receptor domain and the transcriptional activation
domain, VP16-AD (Louvion et al, 1993). rtTA is a fusion of the rtetR
DNA binding domain and the VP16-AD (Urlinger et al, 2000). The
rtetR–(NLS-AD)Swi5 fusion was obtained by linking the following
DNA sequences: rtetR(S2)(1–643), GGGCGCGCC, SWI5(1900–2125),
CCTGCAGGG and SWI5(4–1639). rtTA(S2) served as a template for
producing rtetR(S2). We used the enhanced green and the yellow
variants of the green fluorescent protein as specified in Supplementary
Table S2.
Yeast strains and growth conditions
All strains are congenic with W303 (ade2-1, leu2-3, ura3, trp1-1,
his3-11,15 and can1-100). Genetic constructs were integrated into the
chromosome (Supplementary Table S3).
Cells containing inducible gene expression constructs were grown
for 5 h after induction in minimal medium, until a cell density
of OD600¼0.4–0.8, unless specified otherwise, was attained. When
a-factor was added to cell culture at OD600¼0.025, cells were grown
for 200min.
Co-expression of GEVand rtTA did not affect the growth rate of the
cells and the percentage of cells that lost the constructs containing the
reporter gene and rtTA waso0.01% (Supplementary Figure S14).
b-Galactosidase assay
b-Galactosidase activity was measured using cell extracts obtained
from freeze–thaw cycles and CPRG was used as a substrate.
Flow cytometry and calculation of expression
Total fluorescence of, at least, 5000 cells was measured using flow
cytometry. About 5–15% of total cell population was selected in the
forward-scatter versus side-scatter plot to measure GFP fluorescence
of cells with similar size. To calculate expression (Ex), the total
fluorescence of GFP expressing cells (Fe,d) was divided by the





The e and d subscripts refer to the applied concentration of estradiol
and doxycycline, respectively.
The a-factor causes changes in the forward and side scatter of the
cells in a concentration-dependent manner, and also in the expression
level induced by estradiol. The latter effect of a-factor may be caused
directly by changes in general transcriptional rates and/or indirectly
caused by changes in cell growth and consequently in dilution rate of
GFP. Therefore, expression was corrected by the expression of a













where C0 and Ca denote the control cell fluorescence at zero and the
applied a-factor concentration, respectively. FWe,a and FMe,a denote
GFP fluorescence of constructs with wild-type and mutant Ste12p
binding sites, respectively. FMe,0 corresponds to FMe,a, when a¼0.
The background expression is typically low and is subject to large
relative fluctuations when exposed to interference, which makes it
difficult to discern the effect of interference when gene expression is
not induced (Supplementary Table S4).
Data analysis
Normalized expression, NE, is the uninhibited expression at a given







For upstream interference dmax¼20mM; for downstream antagonism
emax¼200nM. Fold inhibition at a given point of normalized expression
was obtained by dividing expression in the absence of antagonism by the







The characteristic profiles of weak inhibition on logarithmic plots are
better displayed with fold inhibition-1 than with fold inhibition.
The termination efficiency, TE, was calculated by




FIe denotes the fold inhibition of expression owing to the presence of
estradiol. TandNT in the parentheses stand for the constructswith and
without transcriptional terminator, respectively.
Model fitting
When the intergenic transcription was strong, the equilibrium
competition model did not approximate well the full data set
(Supplementary Figure S10), although it agreed well with the data
obtained at high concentrations of doxycycline (Figure 2B and C). In
such cases, the equation was fitted to only those data points that had
a normalized expression higher than 0.4. This approach exposes
how the remaining data points, obtained at lower doxycycline
concentrations, deviate from the competition model. Subsequently,
the competition model can be complemented parsimoniously.
To fit the non-equilibrium models to the experimental data, the
concentration of the functionally active transcriptional activator, AUAS,
has to be extrapolated from the inducer (estradiol or doxycycline)
concentration, ind, and the total activator concentration, Atot.
AUAS ¼ Atot ind
Kind þ ind
Kind is a lumped equilibrium constant and represents the transport of
the inducer across the cell membrane, and the binding of the inducer to
the activator. Its fitted value depends also on the activity fluctuations
of the inducer.
Supplementary information
Supplementary information is available at the Molecular Systems
Biology website (www.nature.com/msb).
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I. Non-equilibrium model of upstream interference 
 
 
Figure S1. Scheme of processes in upstream interference. The configurations of 
the downstream promoter are denoted by bold capitals. The red and blue parts of the 
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The model describes the binding of the activator, AUAS, to two operators within the 
upstream activating sequence (UAS) of the downstream promoter. The downstream 
promoter is exposed to an interfering polymerase, which is initiated by an activator, P, 
bound to the upstream promoter. The half-maximal activity of the upstream promoter 
is reached when the non-dimensional concentration of P is equal to m.  
The following downstream promoter configurations were considered: D is the 
free downstream promoter, while O, C1, and C2 denote the downstream promoter 
occupied by the interfering polymerase, one or two molecules of AUAS, respectively. 
W1 and W2 represent promoter configurations in which the interfering polymerase is 
stalled upstream of the bound AUAS.  
AUAS associates with the DNA by kON and dissociates by kOFF. The binding 
rate of a second AUAS is facilitated by a factor of α, if one AUAS molecule is already 
bound. The interfering polymerase has a constant rate of progression in and out of the 
UAS, kS. The UAS traversed by the polymerase, E, associates with the AUAS, at a 
higher rate, β kON , β > 1. The stalled polymerase can dissociate from the DNA at a 
rate of kb or it can enhance the dissociation rate of the AUAS bound to the promoter, by 
a factor of η.  
Transcription is initiated when at least one AUAS molecule is bound to the 
promoter (C1, C2, W1 and W2). It is assumed, that after the polymerase traverses the 
TATA-box, it becomes highly accessible, possibly due to a destabilization of the 
nucleosome. This accessible TATA-box can bind the TATA binding protein (TBP), 
which leads to the initiation of transcription at a low level (bas). The occurrence of 
this event is proportional to the occupancy of the downstream promoter by the 
interfering polymerase (O). Thus, total gene expression of the reporter gene is given 
by: 
 
)( 2121max basOWWCCvv ++++=  
  
The steady-state solution of the respective differentiation equations can be 
solved explicitly, and yields a unique solution containing a long algebraic expression 
(not shown).  
A more detailed model distinguishes two variants of the C1 and W1 
configurations, depending on which one of the two binding sites is occupied. The 
model solutions are very similar to that one of the above simpler version. 
The model describing a downstream promoter with a single operator can be 
















Figure S2. Solutions of the non-equilibrium model of upstream interference.  
Expression of the reporter gene at different fixed intensities of intergenic 
transcription. Intergenic transcription is a hyperbolic function of the activator [P], 
bound to an upstream promoter. The curves were calculated from the algebraic 
solution of the model with α = 3, kON = 0.015 nM-1min-1, kOFF = 0.11 min-1, kb = 1 
min-1, η = 49.6, kr = 0.041 min-1, kS = 10 min-1, m = 33.4 and bas = 0.0055. The 
downstream promoter contains two (A and B) or one (C) binding sites for the 
activator. The rebinding efficiency of AUAS is β = 2.8 (A) and β = 7 (B and C).  
 
 
II. Equilibrium models of downstream antagonism 
  
The Eq. 2 (Box1) is a general equation and depending on the value of α, it is named as 
competitive (α = 0), non-competitive (α = 1) and mixed inhibition (for all other 
positive values of α) in enzyme kinetics. Within the context of promoter regulation it 
is intuitive to name non-competitive inhibition with cooperative binding, when α > 1. 
Figure S3 shows the characteristics of inhibition for different values of α. 
 Phenomena in interference and antagonism of transcriptional activators bear 
often more similarity to receptor theory in pharmacology (Kenakin, 2004). For 
example, partial agonists have a positive effect on the receptor response but can 
outcompete a more efficacious agonist, resulting in the net decrease of the response. 
The downstream activator Ste12p bears some resemblance to partial agonist when 
described by the following equation:      
  













=  SEq. 1 
 
 
f(R) is a lumped parameter incorporating the concentration and the dissociation 
constant of the downstream activator, while ed is a proportionality constant for the 
expression induced by the downstream activator. In the above case, the downstream 
activator recruits the TBP (TATA-binding protein) and the pre-initiation complex 
with a low efficacy. This is sufficient to induce paradoxical activation (Figure S4). In 
the absence of GEV, a small degree of paradoxical activation is observed for Ste12p 










equilibrium mechanisms (SEq 1, 2) because the background expression is small and 













Figure S3. Inhibition due to competitive and non-competitive mechanisms.  
Solution of Eq.2. (Box 1) is shown for various values of α. Decreasing values of α 








Figure S4. Equilibrium model of paradoxical activation.  
Solution of SEq.1 is shown for various intensities of downstream activator binding, 
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III. Non-equilibrium model of downstream antagonism 
 
 
Figure S5. Scheme of processes in downstream antagonism. 
Schematic representation of promoter configurations in the downstream antagonism 
constructs. The promoter configurations are denoted by bold capitals. The yellow and 
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The non-equilibrium model contains binding events of activators to the promoter that 
are equivalent to that in the equilibrium model. In addition, it is assumed that the 
polymerase binds to the core promoter when only the upstream activator is bound, 
leading to the configuration Γ. The polymerase and the activator can dissociate from 
the promoter simultaneously, a step which occurs irreversibly at a rate, k. pDI and pUAS 
denote the association rates for ADI and AUAS respectively. α is the cooperative 
increase in the association rate of the activator, when the other activator is already 
bound to the promoter. m1 and m2 stand for the dissociation rates of an activator, when 
one (configurations M with ADI and Π with AUAS) or two (configuration Z) activators 
are bound to DNA, respectively. D stands for the empty configuration. The above 
simplifications also take into account the principle of detailed balance in reversible 
reaction cycles. p3 and m3 stand for the rates of the association and dissociation of the 
polymerase, respectively. The amount of the polymerase is not limiting. Transcription 
occurs when the configuration Γ changes into another configuration. 
SEq. 2 is the steady-state solution for the reporter gene expression derived 
















Figure S6. Paradoxical activation is reproduced by the non-equilibrium model. 
The same parameters values were taken for the model of downstream interference as 
in Figure 3C.  pUAS = pDI = 0.01 nM-1min-1, m1 = 0.07 min-1, m2 = 0.1 min-1, p3 = 1 

















IV. Bell-shaped response 
 
Next, we analyzed the equilibrium and non-equilibrium models to derive a response 
of a promoter with downstream antagonism, when the same activator binds to the 
upstream and downstream sites (Activator = AUAS = ADI ). 
  
(A) Equilibrium model: 
The equilibrium model of non-competitive inhibition (Eq. 1 in Box1) can be 








=      SEq. 3 
 
When the same activator binds to the upstream and downstream sites (A = f(R) = 
x) with distinct degrees of cooperative binding and affinity, SEq. 3 can be generalized 










=       SEq. 4 
 
The Hill-coefficients of binding to the upstream and downstream sites are denoted 
by n and m, respectively. The corresponding equilibrium dissociation constants are 
denoted by N and M. 
Minimal requirements for the generation of a bell-shaped response are met if the 
expression level approaches zero at zero and very high induction, and if there is a 
single maximum at intermediate induction levels. In SEq 4., Ex(x) = 0 when x → 0 
and x → ∞, while for 0 < x < ∞, Ex(x) > 0.  
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According to Descartes’ rule of signs, the number of positive roots of this 
polynomial does not exceed 1.  In combination with Rolle’s theorem, which asserts 
that this function has at least one maximum in this region, it is evident that the 
function has a single maximum 0 < x < ∞ for all positive real valued N, M, n and m.   
Thus, a bell-shaped response is a general and robust property of the above 
equation. The above derivation does not addresses how peaked the response is; and 







(B) Non-equilibrium model: 
 
In order to obtain the bell-shaped response, the upstream activator, AUAS was 
















Figure S7. Bell-shaped response generated by different models of downstream 
antagonism. The black curves denote expression when the activator binds to the 
upstream sites only (A) Equilibrium model (Eq. 2 in Box1). KA = 1; α = 1 (blue lines) 
and α = 5 (red lines). (B) Equilibrium model based on the Hill-function. SEq4; N = 1, 
n = 2, m = 1; while M = 1 (blue lines) and M = 5 (red lines). (C)  Non-equilibrium 
model (SEq.2 ); pUAS = pDI = 0.1 nM-1min-1, α = 20, m1 = 0.07 min-1, m2 = 0.1 min-1, p3 










V. Parameter values 
 
In order to fit the parameters of the non-equilibrium models, the parameter values 
were constrained to a realistic range. The range of values was set by comparing the 
relevant binding constants for three different transcriptional factors: the TATA-
binding protein (TBP), the zinc-responsive transcriptional activator, Zap1p, and the 
regulator of carbon source utilization, Adr1p. In particular, we considered the on-rates 
[1 M-1s-1 = 6 10-8 nM-1min-1 ], the off-rates [1 s-1 = 60 min-1 ] and the equilibrium 
dissociation constants, KD [ nM ]. 
kON  =  0.006, 4 and 0.012 nM-1min-1 ; kOFF = 0.018, 2 and 0.8  min-1; KD = 3,  0.5 and 
66 nM for TBP, Zap1p and Adr1p, respectively (Evans-Galea et al., 2003; Schaufler 
and Klevit, 2003; Wolner and Gralla, 2001). 
Thus, the values of the parameters were constrained to the following ranges:  kON  =  
0.005 to 5; kOFF  =  0.01 to 1, KD = 0.1 to 100 nM.  
 
For example, the following values were used for upstream interference: 
kON = 0.015 nM-1min-1, kOFF  = 0.11 min-1. Then, KD = 7.3 nM. 
 
Similarly for downstream antagonism: 














































Figure S8. Effect of upstream interference on the ADH1 promoter. 
Comparison of the responses of the ADH1 promoter to intergenic transcription with 
that of a synthetic promoter. The responses are similar regarding the magnitude and 
the functional form.  (A and B) Expression is driven by GALUAS-PADH1 (YAntH44.6). 
(A). Noise equals the coefficient of variation of the fluorescence distribution (B).  
(C) Expression driven by P[tetO]2-SIC1TATA (YABH50.31) at three different doxycycline 
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Figure S9.  The effect of intergenic transcription on downstream promoters 
containing one or seven tet operators. Expression was induced by doxycycline at 
different fixed concentrations of estradiol. (A and B) PtetO1-CYC1TATA (YABH40.6). 
When expression is driven only due to a residual binding of rtTA, in the absence of 
doxycyline, the positive effect of intergenic transcription becomes apparent. As 
estradiol concentration increases, expression initially decreases and after reaching a 
minimum, expression rebounds (B).  (C and D) PtetO7-GAL11TATA  (YABH34.5). Data 





















Figure S10.  Fitting of the equilibrium competition model. Eq.1 (Box 1) was fit to 
the full data set obtained for PtetO2-GAL1TATA: ADK  = 0.37 and f(R) = 2.9, 5.9, 13.7 and 
24.1 (in the order of increasing estradiol concentration). The data are identical with 












Figure S11. Induction curves for tetO1- and tetO2-CYC1TATA 
A Hill function as defined within SEq. 4 was fit to the data: N = 2.66 vmax = 307 and n 
= 0.87 for PtetO1-CYC1TATA; N = 0.33  vmax = 404.9 and n = 1.14 for PtetO2-CYC1TATA. The 
difference in the affinities of rtTA to tetO1 and tetO2 is bigger than two, the expected 
value assuming that the affinities of the tet operators are independent of their 
sequence context. Therefore, it is likely that sequence context of the operators affects 
the affinity of the operators. Similar relations were observed for simple promoter 
















































Figure S12.  Conserved features in the response to intergenic transcription. The 
hallmarks of the upstream interference, competition and positive effect on gene 
expression, are conserved when different downstream constructs were exposed to 
intergenic transcription (first row). The curves in the fold inhibition-1 versus 
normalized expression plots represent fits of the equilibrium competition model (Eq.1 
in Box 1). The asterisked f(R) values were obtained by fitting Eq.1 to data points that 
had a normalized expression higher than 0.4 (see Materials and Methods). The 
gridline denotes half-maximal expression. 
(A) Expression at P[tetO]6inEGT2 driven by rtTA ( YAntH16.1 ). P[tetO]6inEGT2 is obtained 
by replacing the six Swi5p binding sites within the EGT2 promoter by tet operators. 
A
DK   = 0.18 and f(R) =  2.8*, 5.1*, and 9.5*, for the respective estradiol concentrations. 
(B) Expression at P[tetO]6inEGT2 was driven by rtetR-(NLS-AD)Swi5 ( YAntH17.13 ). ADK   
= 0.47 and f(R) =  0.8, 3.5*, and 15.7*, for the respective estradiol concentrations. 
(C) The data are taken from Figure 1B (YABH-38.2). ADK   = 0.8 and f(R) =  0.93, 2, 
3.4*, and 9.8*, for the respective estradiol concentrations. 



































Figure S13.  Initiation of upstream interference.  
The downstream promoter is PtetO7-GAL1TATA 
(A) A truncated EGT2 gene (EGT2 -115 – 509), incorporating a TATA box, the 
abutting core promoter (-115 – 0) and a truncated ORF (1-509), separates the 
GALUAS and [tetO]7 (YABH18.4).  
(B) Only an 8 bp long TATA box separates the GALUAS and [tetO]7. Expression is 
shown for constructs in the presence and absence of estradiol (YABH21.2). 
(C) When GALUAS is directly fused to [tetO]7. Estradiol activates gene expression 
(YABH20.1). 
(D) Fold inhibition calculated for the data taken from (A) and (B) representing the 
YABH18.4 (EGT2 -115 – 509), YABH21.2 (EGT2 TATA) strains. The equilibrium 
competition model was used to fit Eq.1 (Box 1) to data points that had a normalized 
expression higher than 0.4 (see Materials and Methods). ADK   = 0.024 and f(R) = 18, 
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Figure S14. The effect of GEV and rtTA on cellular growth and on 
disintegration of chromosomally integrated gene constructs. When a 
transcriptional activator is expressed at high concentrations, it may bind to the 
components of the general transcriptional machinery, which leads to their depletion 
and to a decreased expression of cellular genes, a process termed squelching. 
Consequently, cellular growth may slow down. Furthermore, transcription can induce 
homologous recombination and the disintegration of the reporter constructs (Garcia-
Rubio et al., 2003; Gonzalez-Barrera et al., 2002), which can affect the mean activity 
of the reporter gene in the cell culture. It is unclear how transcriptional interference 
affects recombination. To explore if squelching and transcription induced 
recombination affect our data, we tested how cellular growth and disintegration of the 
chromosomal constructs was influenced in the presence of GEV and rtTA.  
(A) Genetic constructs with the linked marker genes are shown for the strain 
containing the PGALUAS-TATA-tetO2 – GFP construct (RUY20). In this strain, the 
expression of GEV and rtTA were driven by promoters of moderate strength (MRP7 
and CLN3). The control strains (YAntH61.1, 62.1) were obtained by integrating the 
ADE2 and HIS3 marker genes into the chromosome without the linked gene 
constructs, using empty pRS402 and pRS303 vectors.  
(B) Triplicate measurements of cell densities are shown during the exponential phase 
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Ura, -His) were inoculated into rich medium (YPD) at an OD600 = 0.05 to monitor the 
growth. Interference at maximal activation of gene expression was induced with 200 
nM estradiol and 2µM doxycycline. The culture was induced either only during the 
exponential growth (Exp) or both during overnight growth (approximately 12 hours) 
and the exponential growth stages (ON + Exp). Curves were obtained by fitting the 
doubling (cell division) time using nonlinear regression. 
(C). Error bars represent the 95% confidence interval for the fitted doubling rates (as 
shown in (B)). No significant differences in the doubling rates were observed neither 
between RUY20 and the control strains C1, 2 (YAntH60.1, 2), nor between the three 
different induction conditions for each of the strains. 
(D) Disintegration of the URA3 marker was measured by counter-selecting Ura+ cells 
on FOA (5-Fluoro-orotic acid) containing plates. Cells form overnight cultures in 
selective media (SD-Ade, -Ura, -His) were diluted into rich medium (YPD), grown 
for one day and again re-diluted in YPD and grown for another day. During this 
growth in non-selective conditions, approximately 20 cell divisions occurred before 
plating the cells (on plates containing 1 g / l FOA). The percentage of Ura- colonies 
was calculated relative to the total number of colonies on YPD plates. Mean and 
standard deviation from three measurements are shown. A two-fold increase in 
recombination was observed when the YPD medium was supplemented with 200 nM 
estradiol and 2µM doxycycline. This increase affects less than 0.01% of the cells, thus 
it has a negligible contribution to the mean expression value of GFP.   
Disintegration of the rtTA linked to ADE2 can be evaluated by counting pink colonies 
on adenine poor plates. The percentage of these colonies was also less than 0.01% in 












































Figure S15. The effect of activator binding sites downstream of TATA boxes on 
gene expression. For a detailed exploration, we selected those genomic promoters 
(Table S1) that had predicted downstream binding sites for chemically inducible 
activators. Sequences downstream of the TATA boxes of the TEC1, GUD1 and FTR1 
promoters contain predicted binding sites for the Ste12p, Gln3p and Mac1p 
transcriptional activators, which can be induced by α-factor, rapamycin and copper-
depletion, respectively (Gross et al., 2000; Hagen et al., 1991; Kulkarni et al., 2006). 
The corresponding core promoters (TATA box and downstream sequence) were 
inserted downstream of two tet operators (YAntH64, 65; YAntH68, 71; YAntH66, 
67). GFP expression was activated by rtTA (in the presence of 2µM doxycycline). 
Fold change in expression was measured 5 hours after exposing the cells to 1 µM α-
factor, 0.2 µg/ml rapamycin and 100 µM BCS. BCS (bathocuproinedisulfonic acid) is 
a copper chelator, which depletes copper from the medium. Correction of expression 
using constructs with mutant binding sites was performed as for the constructs 
induced by α-factor shown in Figure 3D (see also Materials and Methods). Error bars 
represent standard deviations calculated from four experiments. Only the copper-
depletion resulted in a small (~20%) but reproducible inhibition of gene expression 
induced by rtTA. When the Mac1 binding site was transferred upstream of a TATA 
box (MAC1BS-TATA, YAntH70), it elicited a 2.7 ± 1.2 fold activation of gene 
expression in the same conditions. Thus, the weak inhibition by MAC1 is consistent 
with the weak upstream activatory potential of this binding site. For comparison, rtTA 
elicits an approximately 30-fold activation of gene expression from an upstream site, 



































Figure S16. Bell-shaped response generated by the PtetO7-TATA-tetO2 -GFP 
construct. (A) RUY53 (single copy of the construct in the genome). (B) RUY54 (~8 
copies of the construct in the genome). Since expression driven by a single-copy 






















Figure S17. Bell-shaped response of the ZRT2 gene to a gradient of zinc 
concentration. Data are taken from Figure 1 in [(Bird et al., 2004)]. High Zn2+ 
concentrations result in low Zap1 activity. Therefore, the conditions in the ∆zap1 








Table S1. Conserved activator recognition sequences downstream of conserved 





 C12 TF3 TF Motif Identity4 C25 O6 BF7 
GUD1  YDL238C 4 GLN3 GATAA ******* 4 Fa M 
UTR2  YEL040W 4 NRG1 CCCT  *   3 F S 
UTR2  YEL040W 4 TEC1 .rCATTCy  ******* 4 F S 
TEC1  YBR083W 4 DIG1 .........tGAAAc. * *************  4 F S 
TEC1  YBR083W 4 STE12 ATGAAAC ******* 4 F S 
PRB1  YEL060C 4 HAP5 CCAAT ***** 4 F M 
PRB1  YEL060C 4 HAP5 CCAAT * *   3 F M 
PRB1  YEL060C 4 HAP5 CCAAT   **  3 Rb M 
PRB1  YEL060C 4 MSN2 mAGGGG. ** **** 3 F M 
FTR1  YER145C 4 MAC1 GAGCAAA  *  *** 3 F S 
SPS22  YCL048W 3 SUM1 ...yGwCAswAA..   *********    3 R S 
PET8  YNL003C 3 AFT2 kgCACCc *** *** 3 F M 
TIR3  YIL011W 3 HAP5 CCAAT  **** 3 F S 
HSC82  YMR186W 4 INO4 gCATGTGAA  * ****** 3 F M 
ICS2  YBR157C 4 NDD1 rAargGsAAA            3 R M 
SED1  YDR077W 4 MOT3 YAGGYA **** * 3 R S 
SSA1  YAL005C 4 MSN2 MAGGGG ****** 4 F S 
SSA1  YAL005C 4 MSN4 aAGGGG. ******  4 F S 
PIG2  YIL045W 3 CIN5 mtTAcrTAA ********* 4 F S 
ALK1  YGL021W 3 NDD1 rAargGsAAA ****** *** 3 R S 
CIN5  YOR028C 4 DAL80 GATAA ** ** 3 F M 
MET13  YGL125W 2 MET32,4 mArcTGTGGC ********** 4 R M 
 
 
                                                 
1 Gene Systematic Name 
2 Number of Species in Which the TATA box is Conserved 
3 Binding Transcription Factor 
4 Downstream Motif Identity in Alignment Across the 4 Species 
5 Number of Species in Which the Downstream Motif is Conserved 
6 Downstream Motif Orientation 
7 ChIP Binding Filter (M: Moderate Binding Filter, S: Stringent Binding Filter) 
a Forward Orientation 






Conserved activator binding sites downstream of a TATA box were searched for, 
because transcriptional initiations sites are not well defined in S. cervisiae,. First, 585 
genes were selected, which have a TATA consensus sequence in the core promoter 
regions (a 200 bp long sequence upstream of the ORF) and are conserved across four 
species (S.cerevisiae, S.bayanus, S.paradoxus and S.mikatae) (Basehoar et al., 2004). 
These genes were then subjected to TF binding site mapping, with the following 
criteria: motif conservation in four species, significance of binding based on ChIP-
chip experiments and that TF motif is positioned downstream the TATA-box. The 
motif database contained data for 125 TFs (MacIsaac et al., 2006).  
170
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Table S2.  Strain list 
 
Strain Description Origin / 
Parent 
 





RUY04, -05 MAT α ura3:: URA3_TADH1-PtetO7_CYC1TATA-
YFP 
pRU6→ W303 





RUY10 MAT α gal4∆::kanMX, ura3::URA3 





RUY20 MAT α gal4∆::kanMX, ura3::URA3 
PGALUAS_TATA_ tetO2-YFP, his3::HIS3_ PMRP7-
GEV, pRS402::PCLN3-rtTA 
pRS402::PCLN3-
rtTA →  
RUY10 
RUY21 MAT A ade2::ADE2_ PCLN3-rtTA pRS402::PCLN3-
rtTA → W303 
RUY22 MAT α ura3:: URA3_ TADH1-PtetO7_TATA_tetO2-
lacZ 
pRU2 → W303 
RUY24.13 MAT α ura3:: URA3_TADH1-PtetO7_CYC1TATA-
lacZ 
pCS3 → W303 
RUY28 MAT A ade2::ADE2_ PCLN3-rtTA, 
gal4::kanMX 
gal4∆::kanMX 
→  RUY21  
RUY29 MAT α  ura3:: URA3_ PTATA_tetO2-lacZ pRU4 → W303 
RUY53, -54 MAT A/α  ura3:: URA3_ TADH1- 




RUY65 MAT A/α  ura3:: URA3_ TADH1- 




RUY67.13 MAT A/α  ura3:: URA3_TADH1-PtetO7_CYC1TATA-
lacZ, ade2::ADE2_ PCLN3-rtTA 
RUY21 + 
RUY24.13 






Table S2.  (continuation) Strain list 
 
Strain Description Origin / 
Parent 
YABH15.1 MAT α  his3::HIS3_PMRP7_GEV  (3-4 copies) 
gal4∆::kanMX, ade2::ADE2_ PCLN3-rtTA 
pRS402::PCLN3-
rtTA→ RUY08 
YABH18.4 MAT α  his3::HIS3_PMRP7_GEV  (3-4 copies) 
gal4∆::kanMX, ade2::ADE2_ PCLN3-rtTA, 




YABH20.1 MAT α  his3::HIS3_PMRP7_GEV  (3-4 copies) 
gal4∆::kanMX, ade2::ADE2_ PCLN3-rtTA, 




YABH21.2 MAT α  his3::HIS3_PMRP7_GEV  (3-4 copies) 
gal4∆::kanMX, ade2::ADE2_ PCLN3-rtTA, 




YABH22.1 MAT A ade2::ADE2_ PCLN3-rtTA , 
gal4::kanMX, his3::HIS3_PMRP7-GEV 
pPR1 →  
RUY28 
YABH34.5 MAT A ade2::ADE2_ PCLN3-rtTA , 
gal4::kanMX, his3::HIS3_PMRP7-GEV, ura3:: 




YABH38.2 MAT A ade2::ADE2_ PCLN3-rtTA , 
gal4::kanMX, his3::HIS3_PMRP7-GEV, ura3:: 




YABH39.4 MAT A ade2::ADE2_ PCLN3-rtTA , 
gal4::kanMX, his3::HIS3_PMRP7-GEV, ura3:: 




YABH40.6 MAT A ade2::ADE2_ PCLN3-rtTA , 
gal4::kanMX, his3::HIS3_PMRP7-GEV, ura3:: 




YABH42.1 MAT A ade2::ADE2_ PCLN3-rtTA,, 




YABH43.2 MAT A ade2::ADE2_ PCLN3-rtTA, 




YABH50.31 MAT α his3::HIS3_PMRP7_GEV 
gal4∆::kanMX ade2::ADE2_ PHTB2–rtTA- 
TCYC1  
ura3:: URA3_PGALUAS–Egt2 trunc- 






Table S2.  (continuation II) Strain list 
 
Strain Description Origin / 
Parent 
YAntH05.5 MAT α his3::HIS3_PMRP7_GEV gal4∆::kanMX 
ade2::ADE2_ PSWI5–rtTA  
pABT11 → 
RUY08 
YAntH06.7 MAT α his3::HIS3_PMRP7_GEV gal4∆::kanMX 
ade2::ADE2_ PSWI5–rtTA ura3:: 










MAT α his3::HIS3_PMRP7_GEV gal4∆::kanMX 
ade2::ADE2_ PSWI5–rtTA ura3:: 






MAT α his3::HIS3_PMRP7_GEV gal4∆::kanMX 
ade2::ADE2_ PSWI5–rtTA ura3:: 






MAT α his3::HIS3_PMRP7_GEV 
gal4∆::kanMX ade2::ADE2_Pswi5-rtTA 
ura3::URA3_GALUAS-Egt2trunc-















P[tetO]5*_inEGT2 -YFP  



























MAT α gal4∆::kanMX, ura3::URA3 
PGALUAS_TATA_ tetO2-YFP ade2::ADE2 
his3::HIS3 
pRS303, 
pRS402 →  
RUY03.3 
YAntH64 MAT A ade2::ADE2_ PCLN3-rtTA ura3::URA3 
PtetO2-TATA—TEC1ds - GFP  
pJK4 → 
RUY21 
YAntH65 MAT A ade2::ADE2_ PCLN3-rtTA ura3::URA3 
PtetO2-TATA—TEC1dsmut - GFP 
pJK14 → 
RUY21 
YAntH66 MAT A ade2::ADE2_ PCLN3-rtTA ura3::URA3 
PtetO2-TATA—FTR1ds - GFP 
pAnt47 → 
RUY21 
YAntH67 MAT A ade2::ADE2_ PCLN3-rtTA ura3::URA3 pAnt49 → 
173
 25 
PtetO2-TATA—FTR1dsmut - GFP RUY21 
YAntH68 MAT A ade2::ADE2_ PCLN3-rtTA ura3::URA3 
PtetO2-TATA—GUD1ds - GFP 
pAnt47 → 
RUY21 
YAntH70 MAT A ura3::URA3 PtetO2- MAC1BS TATA - GFP pAnt50 → 
W303 
YAntH71 MAT A ade2::ADE2_ PCLN3-rtTA ura3::URA3 
PtetO2-TATA—GUD1ds - GFP 
pAnt48 → 
RUY21 












Table S3.  Plasmid list 
 
Plasmid Description Construction 
 













BamHI- lacZ-EcoRI- TCYC1-NotI 
pPR1 pRS303::PMRP7-GEV PMRP7-GEV Insert described in 
Gao & Pinkham, 2000: 
PMRP7-GEV-TAct1 
pABT10 pRS402::PCLN3-rtTA-TCYC1 Becskei et al, 2005. 
pABT11 pRS402::PSwi5-rtTA-TCYC1 Becskei et al, 2005. 
pAB-BP10 pRS306:: PGAL10UAS - Egt2 trunc- PtetO7-
GAL1TATA -YFP 
ApaI-GAL10UAS-SphI-AvrII-
Egt2 trunc-NheI – SalI- P[tetO2]7-
GAL1TATA-BamHI-YFP-EcoRI- 
TCYC1-NotI 
pAB-BP12 pRS306:: PGAL10UAS - PtetO7-GAL1TATA -YFP ApaI-GAL10UAS-SphI-(AvrIIx 
NheI) – SalI- P[tetO2]7-GAL1TATA-
BamHI-YFP-EcoRI- TCYC1-NotI 
pAB-BP13 pRS306:: PGAL10UAS – EGT2TATA-PtetO7-
GAL1TATA -YFP 
ApaI-GAL10UAS-SphI-AvrII-
EGT2 TATA-(SpeIxNheI) – 
SalI- P[tetO2]7-GAL1TATA-BamHI-
YFP-EcoRI- TCYC1-NotI 
pAB-BP45 pRS306:: PGAL10UAS - Egt2 trunc- PtetO1-
CYC1TATA -YFP 
ApaI-GAL10UAS-SphI-Egt2 
trunc – SgsIx MluI P[tetO2]1-SphI-
CYC1TATA-(BamHIxBglII)-YFP-
EcoRI- TCYC1-NotI 
pAB-BP46 pRS306:: PGAL10UAS - Egt2 trunc- PtetO2-
CYC1TATA -YFP 
ApaI-GAL10UAS-SphI-Egt2 
trunc – SgsIx MluI P[tetO2]2-SphI-
CYC1TATA-(BamHIxBglII)-YFP-
EcoRI- TCYC1-NotI 
pAB-BP47 pRS306:: PGAL10UAS - Egt2 trunc- PtetO2-
GAL1TATA -YFP 
ApaI-GAL10UAS-SphI-Egt2 


















pAB-BP55 pRS306:: PGALUAS-Egt2 trunc- PEGT2 -YFP ApaI-GAL10UAS-SphI-Egt2 
trunc – SgsIx MluI – PEGT2-
BglII-YFP-EcoRI- TCYC1-NotI 














pAB-BP66 pRS306: GALUAS -PADH1 -YFP ApaI-PGAL10UAS_SphI-AvrII- 
PADH1-BglII- YFP-EcoRI- 
TCYC1-NotI 














pAnt47 pRS306::TADH1-PtetO2-TATA—GUD1ds - GFP XhoI-TADH1-Ptet[O2]2-SphI- TATA—
GUD1ds - BamHI -GFP-EcoRI- 
TCYC1-NotI 
pAnt48 pRS306::TADH1-PtetO2-TATA—GUD1dsmut - 
GFP 
XhoI-TADH1-Ptet[O2]2-SphI- TATA—
GUD1dsmut - BamHI -GFP-EcoRI- 
TCYC1-NotI 
pAnt49 pRS306::TADH1-PtetO2-TATA—FTR1ds - GFP XhoI-TADH1-Ptet[O2]2-SphI- TATA—
FTR1ds - BamHI -GFP-EcoRI- 
TCYC1-NotI 
pAnt50 pRS306::TADH1-PtetO2- MAC1BS TATA - GFP XhoI-TADH1-Ptet[O2]2-SphI- MAC1BS 
TATA - BamHI -GFP-EcoRI- 
TCYC1-NotI 
pAnt51 pRS306::TADH1-PtetO2-TATA—FTR1dsmut - GFP XhoI-TADH1-Ptet[O2]2-SphI- TATA—
FTR1dsmut - BamHI -GFP-EcoRI- 
TCYC1-NotI 
pJK4 pRS306::TADH1-PtetO2-TATA—TEC1ds - GFP XhoI-TADH1-Ptet[O2]2-SphI- TATA—




pJK14 pRS306::TADH1-PtetO2-TATA—TEC1dsmut - GFP XhoI-TADH1-Ptet[O2]2-SphI- TATA—






Table S4. Effect of antagonistic activators on the background gene expression. 
 
Construct / Strain, 
Inducer [nM] 
([Doxycyline] = D) 
([Estradiol] = E) 









D= 0, E = 0 2.33  1.32 
D= 0, E = 4 1.58 0.6 
D= 0, E = 8 1.39 0.82 
D= 0, E = 24 1.31 0.96 




D= 0, E = 0 0.85  0.56 
D= 0, E = 4 0.49 0.32 
D= 0, E = 8 0.36 0.49 
D= 0, E = 24 0.25 0.64 




E= 0, D = 0 0.21 0.21 
E= 0, D = 600 0.25 0.30 




E= 0, α = 0 1.81 1.53 







Sequences used for the gene constructs 
 
TCYC1, TGAL7, TADH1, TACT1 are transcriptional terminators of the respective genes. 
 
EGT2trunc is a sequence that contains the EGT2 TATA box, an SpeI site, and a 
sequence downstream of the TATA box up to the 509 nucleotide of the Egt2 ORF: 
AvrII-ATATAAAAG-SpeI
  
EGT2(-103 to 509)-NheI. 
 
 
SWI5(4-1639) includes the activation and regulatory domain, while SWI5(1900-2125) 
incorporates a nuclear localization sequence (NLS), whose reversible phosphorylation 
is responsible for the import of Swi5p into the nucleus in the M and G1 stages of the 


















TetR binding site [tetO2] 





























































































Gln3p Binding Site 
 
 







mutated Gln3p Binding Site 
 







Mac1p Binding Site 
 









Mac1p Binding Site 
 
 







Mutated Mac1p Binding Site 
 
 








Ste12p Binding Site 
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In this last part, a brief description of a currently ongoing project is given.
The participation on my side is restricted to an initial phase of the project
that has been developed further by other members of the group. The current
project is thereby subject to modifications and further interpretation based on
more recent and future findings. I anyway decided to integrate the work I
contributes to in this short part summarizing ideas and goals of the project
at an initial stage of its development.
In third and last part of this work, the role of promoters in small gene regulatory net-
works has been investigated. We chose the galactose network of Saccharomyces cerevisiae
(GAL network) and in particular we focused on the GAL1 and GAL3 genes. These genes
are coregulated by the activator Gal4p and related by an evolutionary process involv-
ing the optimization of their functions. An ancestral bifunctional gene (GAL1/3 ) still
present in Kluyveromyces lactis, a yeast species that didn’t undergo whole genome du-
plication, gave rise to the two actual forms of GAL1 and GAL3 genes present in modern
Saccharomyces cerevisiae. GAL3 function of galactose sensing and GAL1 galactokinase
activity originated from a process of gene duplication followed by subfunctionalization of
the ancestral sequence of GAL1/3, a gene coding for a protein executing both functions.
After duplication, the previously disfavored binding site configuration containing four
Gal4p binding sites evolved into two specialized gene versions containing four and one
Gal4p binding sites in GAL1 and GAL3 genes, respectively (see Fig.56). These two
genes ultimately became one of the most tightly regulated genes in the genome [7]. The
different properties of GAL1 and GAL3 regulation have been studied in this part of the
work in the context of the GAL network.
The GAL network displays bistable mode of response to galactose induction due to
feedback loops. The parameters characterizing retroactive regulation are determining
for the ON/OFF state transition of the network [114]. The results obtained in the
previous parts of this work on the effect of variable number of activator binding sites in
promoters have been related to the context of the GAL network as well as the role of
stochastic network state transitions due to basal expression. In order to imitate GAL
network behavior with respect to parameters such a cooperativity in activation and basal
expression level, we engineered a synthetic equivalent network where we replaced native
binding sites and activator with the synthetic rtTA–tet-operators binding partners. The
strength of the positive feedback loop in the synthetic network could thereby be adjusted
externally and properties of different promoter structures studied in relation to the
efficiency in switching the state of the network.
Finally, inspired by the information obtained with help of the synthetic network,
we modified the promoter of the native GAL3 gene and replaced the endogenous copy
present in the yeast genome. This allowed to experimentally evaluate the adaptation of







An artificial GAL1 promoter containing three binding sites has been obtained by sub-
stituting the three stronger distal binding sites for Gal4p by tet-operators (named
tetO3inGAL1 ). Another version of the GAL1 promoter has been obtained by sub-
stituting only the proximal binding site (named tetO1inGAL1 ) and representing an
intermediate connecting the two stages of the evolutionary process that gave rise to the
actual GAL1 and GAL3 promoter sequences. Finally a construct imitating GAL3 has
been obtained by substitution of the unique binding site for Gal4p by a tet-operator
(named tetO1inGAL3 ). All of these modified promoters drove the expression of rtTA
representing a positive feedback loop whose strength could be adjusted by doxycycline
concentration (see Fig.56). The constructs have been transformed in a ∆GAL4 BY4741
strain containing a reporter gene activated by two tet-operators and induced by doxy-
cycline in glucose free conditions (2% raffinose and 0.5% galactose) for 24 hrs. The
samples were analyzed by flow cytometry and the characteristic bimodal cell population
evaluated by gating the fraction of cells being in activated (ON) state with respect to
the whole cell population.
Figure 56: Scheme of the process of gene duplication and subsequent subfunctional-
ization underlying evolution of GAL1 and GAL3 from an ancestral bifunctional gene
(GAL1/3 ) [7]. The part within the red frame represents the synthetic network used in
our work to mimic the behavior of the GAL network. tetO3inGAL1 consists of the GAL1
promoter architecture with the three strong distal binding sites for Gal4p substituted
by tet-operators. tetO1inGAL1 has been obtained by substituting only the proximal
binding site. In tetO1inGAL3 the unique binding site for Gal4p has been substituted.
The figure is taken and modified from [7].
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2.1.2 Basal Expression Measurement
The basal expression value corresponding to the different promoters and supposed to be
relevant for the network switching efficiency was measured by real-time pcr under non
inducing conditions.
2.1.3 Adaptation
Adaptation experiments were performed by inducing with 0.5% galactose concentration
exponentially growing cells containing the different promoter versions driving expression
of the wild type GAL3 gene. Cell growth was monitored over 11 hrs by OD600 and
compared to non induced cells.
2.2 Stochastic Simulations
The parameters obtained experimentally were used to run stochastic simulations (Gille-
spie algorithm, direct method [115]) of the model shown in Fig.57. The parameters that
were not measured in our work have been taken from the literature [116]. The model
described in Fig.57 accounts for transcription, translation and nuclear transport of rtTA.
Nuclear rtTA induces its own transcription in a graded or switch-like manner according
to the Hill function [rtTA]
nH
[rtTA]nH+KnH where K is considered to be a dissociation constant.
An additional reaction module accounts for the basal expression level and its activity
generates bursts of mRNA with different frequencies.
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Figure 57: Reaction scheme of the stochastic simulation used to reproduce ON/OFF
transitions of the bistable synthetic GAL network. K was varied according to variable
induction level. No binding cooperativity of rtTA was assumed for tetO1inGAL1 and
tetO1inGAL3 (nH = 1) while tetO3inGAL1 was assumed to be positively cooperative
(nH = 2) (according to the results obtained in ’Full-Synthetic Systems’ (’Part I’)).
λBAS , γBAS , µm,BAS were combined according to the formula: 〈mRNA〉 = λBASλBAS+γBAS ·
µm,BAS
δm
in order to obtain the mean steady state level of mRNA corresponding to the
experimentally measured one. Similarly, λ, γ, µ were combined according to the formula:
〈mRNA〉 = λλ+γ · µmδm in order to obtain a mean steady state level of mRNA representing
maximal expression measured experimentally under high induction conditions.
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3 Results and Discussion
Cells were grown over night under non inducing conditions. When induced with doxycy-
cline, tetO1inGAL3 allowed a faster ON state transition than tetO3inGAL1 (see Fig.58,
left panel). Running stochastic simulations of the model shown in Fig.57 with high basal
expression and assuming uncooperative binding of rtTA, the fast transition pattern of
tetO1inGAL3 could be reproduced. In contrast, tetO3inGAL1 was simulated account-
ing for a roughly 10-fold lower basal expression value and high cooperativity (nH = 2)
resulting in higher memory of the previously applied growing conditions. Different fre-
quencies in the simulation modules accounting for basal and promoter activation could
influence to a certain extent the transition curve of tetO3inGAL1 and resulted similar
to the curve obtained experimentally corresponding to tetO1inGAL1.



























1BS, HB , nh=1, HF
1BS, LB1, nh=1, HF
3BS, LB2, nh=2, LF
Closed Loop (Simulation)
Figure 58: Left panel: Experimentally measured state transition curves of the closed
feedback loop regulated by tetO3inGAL1, tetO1inGAL1, tetO1inGAL3 driving the ex-
pression of rtTA. The y-axis represents the percentage of the entire cell population
expressing high levels of a reporter gene induced by rtTA. Right panel: Stochas-
tic model representing the closed feedback loop corresponding to the synthetic GAL
network. λBAS , γBAS , µm,BAS were combined according to the formula: 〈mRNA〉 =
λBAS
λBAS+γBAS
· µm,BASδm in order to obtain the steady state level of mRNA correspond-
ing to the experimentally measured one. The basal expression steady state value was
set to 0.0135 and 0.126 for low and high basal expression, respectively. The promot-
ers tetO3inGAL1 and tetO1inGAL1 had low basal expression level while tetO1inGAL3
high basal expression (HB, λBAS = 0.034, γBAS = 54, µm,BAS = 20). Two different
frequencies of bursting have been used for the low basal expression level: LB1 (low
basal 1, λBAS = 0.034, γBAS = 5, µm,BAS = 0.2) and LB2 (low basal 2, λBAS =
0.00034, γBAS = 5, µm,BAS = 20). λ, γ, µ were combined according to the formula:
〈mRNA〉 = λλ+γ · µmδm = 20 in order to obtain the steady state level of mRNA with respect
to the basal expression with two different promoter activation frequencies named LF (low
frequency, λ = 0.75, γ = 6.75, µ = 20) and HF (high frequency, λ = 6, γ = 54, µ = 20).
The reporter promoter was parametrized with λ = 5, γ = 20, µ = 5. The rest of the
parameter values was taken from [116].
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The promoter structures studied with the synthetic network context suggested a
rapid adaptation to changing nutrient conditions supported by the GAL3 promoter.
Corresponding constructs were thereby made incorporating native Gal4p binding sites
in the promoters of GAL1 or GAL3 and driving expression of GAL3 ORF in the nat-
ural GAL network context. In addition, a version of the GAL1 promoter containing
only the distal Gal4p binding site has been compared to the wild type GAL1 and GAL3
promoter in order to account for a potentially intermediate step during the evolution-
ary process of gene duplication and subfunctionalization. The three different constructs
were substituted to the endogenous GAL3 promoter and regulated expression of galac-
tose sensing protein of the GAL network (Gal3p). The strains containing the different
constructs were induced by galactose (0.5%) and their growth monitored over 11 hrs.
Cells containing the wild type version of the GAL3 promoter could grow most efficiently,
cells containing GAL1 promoter the least and an intermediate response was observed
by the GAL1 promoter containing a single Gal4p binding site (see Fig.59).
The results showed that the low level of memory displayed by GAL3 promoter al-
lowed the network system to adapt more rapidly to changing nutrient conditions with
respect to GAL1 promoter. Moreover, GAL1 promoter containing a single activator



















PGAL3-GAL3 (WT) non Induced
Adaptation
+/- 0.5% Galactose Induction
Figure 59: Adaptation experiment. The constructs analyzed in the context of the
synthetic network have been used to replace the promoter of the endogenous GAL3
gene and cell growth was measured in a time course of 11 hrs after 0.5% galactose




The different promoter versions derived from the yeast’s GAL1 and GAL3 genes showed
significantly different behavior to inducing conditions and pointed out the determining
role played by cooperativity on one hand, and by the basal expression level inducing
stochastic state transitions of the bistable system on the other hand. The use of a syn-
thetic network to imitate the natural one allowed to identify key parameters determining
state transition efficiency. The information obtained in this way could be transferred
to the context of the GAL natural network and parameters characterizing the studied
promoters could be linked to cellular adaptability to changing conditions.
The GAL3 promoter resulted to be best optimized to rapid state transitions as a
consequence its high basal expression level, while lower basal expression and high coop-
erativity increased memory of GAL1 promoter thereby reducing its adaptation capacity





The use of synthetic gene circuits introduced into native cellular environment allowed
to access information about different studied systems. Applying mathematical model-
ing approaches we could interpret our experimental findings. This approach has been
applied to different levels of organization from single transcriptional units, to interact-
ing transcriptional processes and finally to interconnected genes in the context of small
regulatory networks. The work presented in this thesis was focused on the role of coop-
erativity in the process of gene regulation. Even if genes are thought to be expressed in
all-or-none fashion as a consequence of their network connectivity, we observed different
degrees of cooperativity and graded response. Our results show that role of cooperativity
in gene regulation is relevant at the three different studied levels of complexity.
Cooperative binding of regulators to promoter sequences is mediated by components
of the transcriptional machinery. The case of GAL1 shows that a switch-like response
is achieved at low induction, while at higher activity the promoter displays a graded
response pattern thereby conserving the ability to apply a proportionate response to
higher induction levels. Multiple activator binding sites contributed in a more-than-
additive increase of expression over a broad range of induction compared to the promoter
activated by a single activator binding site. This supports the idea that eukaryotic
activators can cooperate not by directly interacting but by simultaneously touching
some components of the transcriptional machinery.
Further, we studied interacting transcriptional processes in the context of transcrip-
tional interference. The process of transcriptional interference is commonly thought to
have a suppressive effect on gene expression. Our results show that cooperativity be-
tween transcriptional processes could reverse the suppressive effect typically associated
to interference and result in activation.
In the highest level of organization studied in this work, cooperativity together with
the role of promoter basal expression were involved in increasing memory of bistable
synthetic regulatory networks. High cooperativity and low basal expression dictating
GAL1 regulation had the effect to increase its memory to previously applied conditions.
In contrast, the regulation of the GAL network sensor, Gal3p, showed a reduced memory
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Transcription Unit: DNA sequence that contains the open reading frame (ORF) that
will be translated into the protein (the coding sequence) and the regulatory sequences
that direct and regulate the synthesis of that protein.
Chemical Equilibrium: State in which the chemical activities or concentrations of
the reactants and products have no net change over time, all chemical potential gradients
are zero (detailed balance holds for each of the reactions, the rate at which any process
proceeds in the ’forward’ direction is exactly balanced by the rate of that process in
the ’reverse’ direction). At dynamic equilibrium there can be no net flux of the system
components. Moreover, the equilibrium state of a chemical reaction is unique (e.g.
no oscillations possible in equilibrium chemistry). A direct consequence of dynamical
systems is that eventually, every isolated chemical system should reach its equilibrium
(e.g. death). Equilibrium is a special case of a steady state.
Steady State: Steady state refers to a system in which some components are kept
constant at a stationary state but not at the values expected for the equilibrium state
(detailed balance doesn’t hold). A system in steady state is time invariant. In stochas-
tic systems, the probabilities that various different states will be repeated will remain
constant. While a dynamic equilibrium occurs when two or more reversible processes
occur at the same rate, and such a system can be said to be in steady state, a system
that is in steady state may not necessarily be in a state of dynamic equilibrium, because
some of the processes involved are not reversible. For example: The flow of fluid through
a tube, or electricity through a network, could be in a steady state because there is a
constant flow of fluid, or electricity. Conversely, a tank which is being drained or filled
with fluid would be an example of a system in transient state, because the volume of
fluid contained in it changes with time.
Chemical Kinetics (or Reaction Kinetics): The study of rates of chemical pro-
cesses and the different experimental conditions that can influence the speed of a chemical
reaction yielding information about the reaction’s mechanism and transition states, as
well as the construction of mathematical models that can describe the characteristics of
a chemical reaction.
Law of Mass Action: States that the speed of a chemical reaction is proportional to
the quantity of the reacting substances and its propensity to occur.
Rapid-Equilibrium Assumption: Reaction rates like complex formation in reaction
kinetics are assumed to be orders of magnitude faster with respect to other reactions
(e.g. chemical conversion of substrate to products) so that chemical equilibrium can be
assumed between fast reactions and rate-limiting steps are determined by slow reaction.
Steady-State Assumption: The intermediate species in chemical reactions are con-
sidered to be at steady-state and thereby they do not change in time. Whereby one
considers the dynamics of the enzyme-substrate complex to be so fast that its concen-
tration can be treated as if it were in steady state. This is equivalent to setting the time
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derivative of the enzyme-substrate concentration to zero and reducing the differential
equation to an algebraic one [76].
Core Promoter: The minimal portion of the promoter required to properly initiate
transcription. Contains the TATA-box at about 25 bp upstream of the start site to
which general transcription factor binding sites bind. It also contains a pyrimidine-rich
initiator element (located at the start site).
Promoter-Proximal Element: Any regulatory sequence in eukaryotic DNA that is
located approximately 50-200 bp upstream of the start site and binds specific transcrip-
tion factors.
Promoter-Distal Element: Sequence further upstream of the promoter that may
contain additional specific transcription factor binding sites, often with a weaker in-
fluence than the proximal promoter and constitute another group of DNA targets for
factors modulating RNA polymerase II activity.
Enhancers: Enhancers are long-range activators of gene transcription in higher eu-
karyotes. Enhancer and promoter elements can anyway overlap both physically and
functionally. Enhancers positively regulate promoters in a distance and orientation in-
dependent manner. In this process they are at close three dimensional proximity despite
they can be separated by thousands of base pairs. Their elements are composed of a
modular arrangement of short sequence motifs with specific function in transcription
that contain binding sites for nuclear activators [117, 118].
Transcriptional Regulators: Proteins that upon binding to DNA regulatory regions
are capable of modulating the process of transcription and consequently influence gene
expression. The generic term regulator refers to activator and repressors of transcription.
Binding Event: Microscopic binding reaction in a sequential process of n binding
steps.
Receptor Configuration: Molecular state of a receptor bound by a certain number
of ligands at equilibrium. Under the conditions assumed for the binding reaction, the
configuration of a receptor refers to the population of molecules bound by the same
number of ligands.
Low/High Order Binding Event: In the present work, upon multiple activator/ligand
binding to a receptor, the concept of binding order is introduced accordingly to the ex-
ponents of Adair’s equations where order of binding includes binding events that form
receptor configurations containing certain number of bound ligands. Typically in the
present work, when mentioning low binding order refers to binding events that form




Consensus Sequence: DNA sequence specifically recognized by transcriptional reg-
ulators. These sequences usually contain portion that are more important for protein-
DNA binding (representing some key contacts between the regulator and the DNA)
while some other portion have a more negligible effect and can thereby be subject to
mutations resulting in slightly modulating activator affinity. Typically, such regulators
are homodimers and consensus sequences are palindromic.
Synergic System: Synergy and cooperativity are generally used as synonyms and
sometime this denomination is misleading. Actually, in this work the difference is made
between binding cooperativity, which refers to the mathematical definition developed
in the field of enzyme kinetics and molecular binding. In contrast, synergy refers to a
system displaying response where the combination of different parts has an effect that
is larger than the sum of effects displayed by single parts separately. Here however, no
mathematical formalism is detailed.
Input/Output: In the context of gene regulation, input corresponds to induction or
stimulus, that invokes a response or output of the involved system.
Saturation Functions: Mathematical expression that describes the degree of activa-
tion of a system as a function of its inputs. In engineering these functions are also called
transfer functions and they relate output to input in a system. In chemical kinetics they
can describe enzyme activity, occupancy of a receptor molecule by its ligands or level of
gene activation as a function of a component of the reaction.
Gene Activation Profile: Indicates the same concept represented by ’Saturation
Function’ but in the specific context of gene regulation. It indicates the activity level of
a gene system over a certain range of induction.
Dissipative systems: Systems that are not energy conserving. Perturbations decay
until they get completely lost. Dissipative systems needs permanent energy (e.g. food)
supply. As long as they get it, they are out of thermodynamic equilibrium. Only after the
supply stops, they are subject to equilibrium thermodynamics (e.g. decay, second law).
Dissipative systems are not reversible. If a system is on an attractor, it’s not possible to
reconstruct its history (if the state can olny be measured with finite precision).
Parabolic Partial Differential Equation: Type of second-order partial differential
equation (PDE), describing a wide family of problems in science (e.g. heat diffusion).
These problems, also known as evolution problems, describe physical or mathematical
systems with a time variable, and which behave essentially like heat diffusing through a
solid.
Hyperbolic Partial Differential Equation: Partial differential equation (PDE)
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